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Abstract
An Autonomous Platform for Reticular Materials Discovery
By
Zichao Rong
Doctor of Philosophy in Chemistry
University of California, Berkeley

Professor Omar M. Yaghi, Chair

Reticular materials, including metal-organic frameworks (MOFs) and covalent organic frameworks
(COFs), are porous crystalline structures constructed from molecular building blocks. Their structures
can be rationally designed for a wide range of applications through control over building block
composition, geometry, and functionality. However, the crystallization of reticular materials remains
challenging. Strong chemical bonding between building units and the formation of competing phases
result in a narrow crystallization window that requires precise control over reaction parameters. In the
absence of a reliable theoretical framework for predicting crystallization outcomes, synthesis remains
largely trial-and-error and dependent on human intuition. To address this limitation, this dissertation
introduces an autonomous platform, termed Algorithmic Iterative Reticular Synthesis (AIRES), which
integrates high-throughput experimentation and machine learning to identify correlations between
successful crystallization outcomes, building block properties, and reaction parameters and therefore to
accelerate the discovery of new reticular materials.

Chapter 1 introduces the conceptual framework of autonomous platforms for chemistry and materials
science, with emphasis on the gradual transition from human-driven experimentation to data-driven,
closed-loop discovery systems. The challenges associated with reticular materials discovery, including
vast chemical design space and limited predictability in synthesis, are also highlighted. These

characteristics make reticular materials discovery well-suited for autonomous approaches.

Chapter 2 describes the experimental platform of AIRES, including automated high-throughput
synthesis, optical microscopy assisted by computer vision for rapid screening of crystallization outcomes,
and single crystal X-ray diffraction (SCXRD) for definitive structural determination. Zeolitic
imidazolate frameworks (ZIFs) are employed as a model system due to their structural complexity and



sensitivity to reaction conditions. The integration of scalable synthesis with rigorous structural
verification enables systematic exploration of crystallization space.

Chapter 3 presents the construction of a crystallization dataset and the use of machine learning models
for predicting crystallization outcomes. Chemical information is encoded through a combination of
structural descriptors, physicochemical properties, and interaction-based features, enabling machine
learning models to capture relationships between reaction input and experimental outcomes. Model
performance is evaluated under both interpolation and extrapolation settings, revealing the challenges
of generalization across chemical systems while also demonstrating the model’s ability to learn
meaningful relationships and provide predictive guidance in unexplored regions of chemical space.

Chapter 4 introduces an algorithmic decision-making framework tailored to discovery-oriented
objectives, where the goal is to maximize the number of distinct discoveries. A probabilistic formulation
of crystallization outcomes is employed, and candidate experiments are prioritized based on predicted
success likelihood using greedy acquisition strategies. Batch selection methods are developed to
accommodate high-throughput experimentation, and the framework is evaluated on 48 previously
unexplored chemical systems, demonstrating approximately a twofold improvement in discovery
efficiency compared to random search.

Chapter S presents the structure determination and topological analysis of newly discovered crystals.
SCXRD-verified structures are analyzed in terms of underlying nets and natural tilings, providing insight
into how variations in linker structure influence framework topology. Both ZIF and other crystalline
products are examined, highlighting the diversity of structures accessible through autonomous

exploration.

Chapter 6 serves as an outlook on the future of autonomous materials discovery, emphasizing the
integration of generative modeling, advanced characterization, and scalable experimental platforms

toward a fully autonomous discovery cycle.
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Chapter 1
Introduction to Autonomous Platforms and Reticular
Materials Discovery

1.1 Evolution of Autonomous Platforms

1.1.1 Introduction

Scientific research has historically followed a human-centered paradigm consisting of three
essential stages: formulation of a research question, proposal of candidate solutions, and experimental
or theoretical validation. In chemistry and materials science, these solutions typically take the form of
new substances, improved strategies for utilizing known materials, or new theoretical models that
explain observed phenomena. Traditionally, human researchers play a central role at every stage of this
process. Research questions are formulated based on intellectual curiosity or societal needs, such as
energy, health, and environment. Guided by prior knowledge and experience, researchers then define a
feasible space of candidate solutions. Finally, experiments are designed and conducted to evaluate these
candidates, often through iterative refinement informed by the outcomes. While this paradigm has
driven centuries of scientific progress, it is inherently constrained. The process is labor-intensive, low-
throughput, and often biased by human intuition and incomplete knowledge.

Recent advances in hardware, computational methods, and artificial intelligence (AI) are
transforming this traditional research workflow'. High-throughput experimental platforms enable
rapid and parallelized exploration of candidates?, while laboratory automation reduces human
intervention®. In parallel, developments in data science and machine learning (ML) allow for the analysis
of high-dimensional datasets, extraction of hidden patterns, and prediction of experimental outcomes*.
More recently, generative models and large language models (LLMs) have further expanded the role of
algorithms in scientific discovery, demonstrating the ability to generate synthesizable targets®, explore
complex chemical spaces®, and assist in optimizing synthesis by integrating literature knowledge with

experimental data’.

These developments have given rise to a new paradigm: autonomous or self-driving laboratories,
in which experimentation, data analysis, and decision-making are integrated into a closed-loop system®.
In such systems, algorithms can iteratively propose experiments, execute them through robotic
platforms, analyze the results, and refine subsequent actions with minimal human intervention. This
paradigm has been increasingly explored across chemistry and materials science. In this section, an
overview of the evolution from traditional, human-driven research toward increasingly autonomous
scientific workflows is presented. This evolution has experienced several stages: combinatorial and high-



throughput experimentation, computational screening, laboratory automation, algorithmic guidance,
and fully autonomous platforms. For each stage, the enabling technologies, their impact on research
efficiency and discovery, and representative achievements are discussed.

1.1.2 Combinatorial and High-Throughput Experimentation

A central challenge in chemistry and materials science is the vastness of the accessible chemical
space. Even when restricting consideration to experimentally feasible systems, the number of possible
combinations of compositions and spatial arrangements grows exponentially’. Moreover, the relevant
chemical space extends far beyond structural variables. Experimental conditions, such as temperature,
pressure, concentration, solvent media, and reaction time, also play a critical role in determining
outcomes. These variables introduce additional, often continuous dimensions to the search space,
significantly increasing its complexity. As a result, the effective discovery space is not only large but also
high-dimensional and frequently nonlinear. This challenge is particularly pronounced in areas where
predictive theoretical frameworks remain incomplete or unavailable. In such contexts, rational design
alone is often insufficient, and systematic exploration through combinatorial experimentation becomes
a necessary strategy. Beyond identifying target systems of interest, combinatorial approaches also
generate comprehensive datasets that can be leveraged to extract underlying trends and mechanistic
insights when coupled with modern data analysis tools™.

Combinatorial experimentation can be viewed as a form of brute-force exploration'. By
systematically sampling across multiple variables, through grid-based designs or advanced sampling
techniques, it enables the identification of regions of interest that may not be anticipated by human
intuition, thereby reducing bias introduced by prior assumptions. However, such approaches are
inherently data-intensive and require efficient experimental and analytical methods to be practically
feasible. High-throughput experimentation (HTE) provides the practical means to implement
combinatorial strategies at scale’®. By leveraging parallelization, HTE enables the preparation and
evaluation of large numbers of samples in a time-efficient manner. A typical HTE workflow relies on
array-based formats, such as multi-well plates or substrate libraries, in which each position corresponds
to a distinct combination of substances and experimental conditions. This design allows hundreds or
even thousands of experiments to be conducted in parallel. Equally important is the development of
rapid and scalable characterization techniques capable of providing high-content readouts across large
sample sets’’. Techniques such as optical microscopy, fluorescence spectroscopy, and UV-vis
spectroscopy are commonly employed to rapidly assess sample properties and outcomes. These methods
enable efficient identification of successful candidates within large combinatorial libraries. The impact
of high-throughput experimentation has been widely demonstrated across multiple domains, including

18-20 where it

drug discovery', thin-film materials'>'"¢, heterogeneous catalysis'”, and polymer synthesis
has significantly accelerated the exploration of complex parameter spaces and the identification of

desired targets.



1.1.3 Laboratory Automation

Although high-throughput experimentation is often associated with parallelized, array-based
workflows, this format is not universally applicable. In many domains, the physical nature of the
experiment or the constraints of instrumentation make strict parallelization difficult or impossible. For
example, some characterization tools, such as liquid chromatography-mass spectrometry, nuclear
magnetic resonance (NMR), gas chromatography, and many X-ray-based measurements, are serialized
because each sample must be loaded, measured, and cleared before the next one can be analyzed. In such
cases, automation increases throughput not by parallelizing every operation, but by removing the need
for constant human supervision. Once instruments and handling routines are scripted, systems can
execute repetitive tasks continuously, day and night, with high positional and procedural consistency.

Modern laboratory automation has evolved to encompass a wide range of operations. At the
hardware level, automated systems can perform reagent handling, reaction execution, sample transfer,
and characterization®. Liquid dispensing is commonly achieved through robotic pipetting systems,
enabling precise and reproducible control®. In contrast, handling solid reagents remains more
challenging due to the need for real-time mass measurement and variability in physical properties, often
requiring specialized dispensing systems®. Reaction environments, including temperature, pressure,
and atmosphere, can be programmatically controlled using automated reactors and heating systems*.
Automation also extends to sample transfer and workflow integration across multiple instruments.
Experimental pipelines may consist of modular stations for synthesis, processing, and analysis,
connected through robotic arms, gantry systems, or mobile robotic platforms®. These systems enable
the physical movement of samples between workstations, effectively replicating the actions of a human
operator while maintaining consistency and traceability. In parallel, many analytical instruments already
support partial automation through autosamplers and scripted measurement routines, allowing for
automated data acquisition once samples are loaded.

Beyond hardware, a critical component of modern laboratory automation is the software layer
responsible for orchestrating experimental workflows***. Early forms of automation primarily focused
on individual instruments operating in isolation. In contrast, recent advances have enabled the
coordination of multiple instruments into integrated, end-to-end experimental pipelines. Experimental
protocols are translated into machine-executable workflows that define the sequence of operations,
dependencies between tasks, and data flow across the system. More advanced implementations integrate
scheduling algorithms that optimize instrument usage, minimize idle time, and manage dependencies
between parallel and sequential tasks.

1.1.4 Computational Screening

The vastness of chemical space presents a fundamental challenge for experimental exploration
alone. Computational screening provides a powerful strategy to reduce the size of the candidate space
by evaluating large numbers of hypothetical systems prior to experimental validation. By filtering out
unlikely or low-performing candidates, computational methods enable researchers to focus



experimental efforts on a much smaller and more promising subset of systems, thereby significantly
improving the efficiency of discovery. The specific computational approaches used for screening vary
across domains, depending on the underlying physical principles and target properties. In materials
science, computational screening often relies on quantum mechanical calculations to evaluate structural
stability and functional properties® . In the context of drug discovery, computational screening
typically involves virtual screening strategies, including molecular docking, in which large libraries of
candidate molecules are evaluated for their binding affinity to biological targets, as well as ligand-based

and data-driven approaches®**.

A key advantage of computational screening is that it is performed in silico, allowing for rapid
and cost-effective evaluation without the need for immediate experimental resources. Large numbers of
candidates can be assessed in parallel using computational infrastructure, enabling the exploration of
chemical spaces that would be infeasible to probe experimentally. Despite its advantages, computational
screening must be interpreted with caution and cannot replace experimental validation. All
computational methods rely on approximations and assumptions, whether in the form of simplified
physical models, limited basis sets, or imperfect training data in machine learning approaches. In many
cases, structural models used for screening do not fully capture real experimental conditions, such as
defects, disorder, solvent effects, or kinetic constraints. As a result, predictions of stability or
performance may not directly translate to experimentally realizable systems. Consequently,
computational screening is most effective when used as a complementary tool, guiding experiments
rather than replacing them.

1.1.5 Algorithmic Guidance

Scientific research is often iterative: outcomes are analyzed, and subsequent experiments are
designed based on accumulated knowledge. Traditionally, this process has been guided by human
intuition, experience, and domain expertise. While effective, such approaches are often limited in their
ability to systematically explore high-dimensional parameter spaces and fully leverage the growing
volume of experimental data. Algorithmic guidance offers an alternative and complementary
framework for directing this iterative process. Atits core, this approach consists of two key components:
models that extract patterns from data and decision-making strategies that use these models to perform
subsequent actions. By learning relationships between inputs and outcomes, models can uncover
complex patterns or correlations that may not be readily accessible through human reasoning alone.
These learned representations can then be combined with explicitly defined objective functions,
constraints, and selection strategies to enable a more transparent and reproducible approach to
experiment planning.

A wide range of models has been developed, broadly falling under the umbrella of statistical
learning and machine learning®*. Statistical learning emphasizes interpretability and uncertainty
quantification, while machine learning more broadly focuses on flexible function approximation and
predictive performance. Importantly, these categories are not mutually exclusive, and many methods,
such as Gaussian processes, can be viewed within both frameworks depending on their application.



Common approaches include regression models, Gaussian processes, and ensemble methods such as
random forests and gradient boosting, which can capture nonlinear relationships between input
variables and outcomes. These models are often used as surrogate models to approximate complex
systems, particularly in settings with limited or moderately sized datasets. Deep learning, a subset of
machine learning based on multi-layer neural networks, has further expanded the capabilities of data-
driven modeling®. By learning hierarchical representations from large datasets, deep learning methods
have demonstrated strong performance in tasks such as molecular property prediction, reaction

outcome prediction, and generative design of chemical structures®-.

The choice of decision-making strategy depends on the objective of the study. In many cases,
the goal is single-objective optimization, such as maximizing reaction yield, catalytic activity, or material
performance. For example, Bayesian optimization has been widely used to optimize reaction conditions
in chemical synthesis, where it iteratively proposes new experiments by balancing exploration of
uncertain regions with exploitation of known high-performing conditions*'. In more complex scenarios,
multiple objectives must be considered simultaneously, leading to multi-objective optimization
problems*»*. For instance, in catalyst design, one may seek to maximize activity while maintaining
stability and minimizing cost; in materials discovery, trade-offs may exist between conductivity,
mechanical strength, and processability. In such cases, algorithms aim to identify a set of Pareto-optimal
solutions that represent the best achievable trade-offs between competing objectives.

Algorithmic guidance enables a shift from passive data collection to active learning, in which
each experiment is selected to maximize information gain or expected improvement toward a defined
objective*. By systematically incorporating feedback from previous experiments, these approaches
allow for more efficient navigation of complex chemical spaces compared to unguided or brute-force

exploration.

1.1.6 Fully Autonomous Platforms

The integration of computational screening, high-throughput experimentation, laboratory
automation, and algorithmic guidance has led to the emergence of fully autonomous platforms for
scientific discovery. In such systems, the research workflow is organized into a closed-loop process that
begins with a high-level research objective defined by a human and proceeds through successive stages
of hypothesis generation, experimental execution, and iterative refinement?®.

Starting froma given research question or target property, the platform can first leverage existing
knowledge by automatically accessing and analyzing the scientific literature and available databases. In
combination with this prior knowledge, computational methods may be employed to screen large
candidate spaces and identify a subset of promising systems for further investigation. This initial stage
serves to reduce the experimental burden by focusing resources on candidates with a higher likelihood
of success. Following this screening process, experimentally viable candidates are selected and evaluated
using automated laboratory systems. Robotic platforms execute synthesis, processing, and
characterization steps according to predefined or dynamically generated protocols. The results are then



automatically collected, structured, and fed back so that the platforms incorporate algorithmic guidance
to iteratively refine the exploration of chemical space, expecting to improve performance, reduce
uncertainty, or explore previously untested regions. This closed-loop process enables efficient and
adaptive navigation of complex search spaces, significantly accelerating the discovery process compared

to traditional trial-and-error approaches.

Despite these advances, fully autonomous platforms with minimal or no human intervention
remain an ongoing goal. Current platforms typically rely on human input at various stages, such as
constraining the search space, or validating experimental results. Nevertheless, several pioneering
systems demonstrate key elements of autonomy**. Looking forward, a central challenge is to increase
the generality and robustness of these platforms. Most existing systems are tailored to specific classes of
materials, reactions, or experimental setups, limiting their applicability across domains. Achieving more
general autonomous platforms will require advances in modular hardware design, standardized dataand
software interfaces, improved perception and manipulation capabilities, and more flexible algorithmic
frameworks capable of handling diverse scientific objectives.

1.2 Reticular Materials Discovery

1.2.1 Reticular Synthesis

Reticular materials, including metal-organic frameworks (MOFs) and covalent organic
frameworks (COFs), are extended porous crystalline structures formed by assembling molecular
building blocks through strong coordination or covalent bonds*. These building blocks possess well-
defined composition, connectivity, and geometry, which, in principle, enables the rational design of

frameworks with tunable pore environments and functionalities***.

In practice, however, the mapping from building block design to final structure is far from
deterministic. In MOF synthesis, metal ions can adopt multiple coordination environments, and a
variety of species, including solvents and counterions, may compete for coordination. Such competing
interactions can lead to the formation of unintended phases or side products. Consequently, the
synthetic outcome is governed not only by the intended connectivity of the building blocks, but also by
complex chemical equilibria and reaction conditions®. Moreover, even when building blocks share
identical nominal connectivity, subtle differences in conformation, flexibility, or reactivity can result in
distinct topologies®. Small variations in geometry or reaction environment may stabilize alternative
network structures, obscuring the direct relationship between design and outcome. This inherent
complexity limits the predictive power of purely rational design and necessitates extensive experimental

verification.

These characteristics make reticular materials discovery particularly well suited to the
methodologies discussed in the previous section. The large combinatorial space defined by building
blocks and reaction conditions naturally motivates high-throughput experimentation, while the need to
systematically explore and reproduce complex synthetic pathways benefits from laboratory automation.



Furthermore, computational screening and algorithmic guidance can help prioritize candidates and
iteratively refine experimental strategies, enabling more efficient navigation of this complex design space.

1.2.2 Crystallization Challenges

In addition to design ambiguity, the formation of high-quality crystalline reticular materials
presents intrinsic challenges. Reticular structures are constructed through relatively strong bonds,
which are associated with high activation barriers for bond formation. While these strong bonds
contribute to the thermodynamic stability of the final material, they also limit the system’s ability to
undergo error correction during crystallization. In contrast to more reversible systems, where incorrect
connections can break and reform to yield ordered structures, the reduced reversibility in reticular
systems can trap defects or result in poorly crystalline or amorphous products®>%. As a result, achieving
high crystallinity often requires careful control over both thermodynamic and kinetic factors during
synthesis*.

To address these challenges, a range of synthetic strategies has been developed to improve
crystallinity. In MOF synthesis, the use of modulators, typically monodentate ligands such as carboxylic
acids, can regulate nucleation and growth by competing with multidentate linkers for coordination sites,
thereby slowing down the assembly of building blocks and promoting higher crystallinity*>~>". Similarly,
careful control of solvent composition, including the use of anhydrous conditions, can suppress
competing coordination pathways and improve structural fidelity’**°. For COFs, achieving high
crystallinity is even more challenging due to the formation of strong covalent bonds. Approaches, such
as the use of modulators, templating agents, or optimized solvent systems, have enabled the growth of
COFs of larger and more ordered crystalline domains and, in some cases, single crystals suitable for
structural characterization® . Despite these advances, crystallization in reticular materials remains
highly sensitive to experimental conditions and often requires extensive empirical optimization. Small
changes in conditions can sometimes significantly alter the outcome, leading to different phases,
morphologies, or levels of crystallinity.
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Chapter 2
Experiment Platform for Reticular Materials Discovery

2.1 Introduction

The discovery of reticular materials has traditionally relied on trial-and-error experimentation,
in which building blocks and reaction conditions are selected based on prior knowledge and iteratively
adjusted to obtain crystalline products. While this approach has enabled the synthesis of a wide range of
frameworks, it remains inherently limited in its ability to systematically explore the vast combinatorial
space defined by building block chemistry and conditions. Moreover, the formation of reticular
materials is highly sensitive to subtle variations in reaction parameters, often leading to complex and
unpredictable outcomes that are difficult to rationalize a priori’.

Recent advances in automation and high-throughput experimentation have begun to address
these limitations by enabling more systematic and reproducible exploration of synthesis conditions*™*.
In parallel, substantial progress has been made in the automation of characterization techniques.
Automated and high-throughput platforms have been developed for methods such as powder X-ray

diffraction (PXRD)>7, vibrational spectroscopy®’, and electron microscopy'®"

, enabling rapid
measurement across large reaction libraries. However, in many cases, these characterization techniques
provide indirect or ensemble-averaged information, and their interpretation often relies on comparison
with reference databases or the construction of structural models followed by simulation. For example,
PXRD patterns are typically analyzed through pattern matching or refinement against candidate

213 while spectroscopic signatures must be assigned based on prior knowledge or

14-16

structures
computational predictions™ . As a result, although data collection can be automated, the
determination of atomic-level structure for previously unknown materials frequently still requires

human intervention or iterative model fitting.

In the context of reticular materials discovery, two experimental challenges remain central. First,
efficient exploration of reaction space requires the ability to perform large numbers of synthesis
experiments in parallel with precise control over composition and conditions. Second, and more
critically, the reliable identification of newly formed structures requires definitive structural
characterization. Because reticular materials can exhibit substantial structural complexity, reaction
products often include multiple crystalline phases or unexpected structures that cannot be

Parts of this chapter have been adapted from:

Rong, Z.; Chen, Z.; Luong, F.; Chheda, S.; Luong, H. T. N.; Zheng, Z.; Greco, K.; Alghamdi, A. A.; Bui, K. H.; Jaftrelot
Inizan, T.; Nguyen-Dang, T; Pham, H. H.; Le, D. D.; Sauer, J.; Phung, V. B. T ; Chayes, J. T ; Borgs, C.; Boley, M.; El Ghaoui,
L.; Yaghi, O. M. Algorithmic Iterative Reticular Synthesis of Zeolitic Imidazolate Framework Crystals. Nat. Synth. 2025, 5
(3), 409-419.
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unambiguously resolved using indirect characterization techniques". In this context, single-crystal X-
ray diffraction (SCXRD) provides the most definitive determination of atomic structure and is
therefore essential for establishing the identity of newly discovered reticular materials'®. However, its
integration into high-throughput workflows presents practical challenges, including the identification
of suitable crystals from large numbers of reaction outcomes. This motivates the need for experimental
platforms that combine scalable synthesis, rapid screening of crystallization outcomes, and rigorous
structural verification within a unified framework.

This dissertation introduces an autonomous platform termed AIRES (Algorithmic Iterative
Reticular Synthesis) for accelerating the discovery of reticular materials. The platform integrates high-
throughput synthesis, automated optical microscopy, single-crystal X-ray diffraction, and machine
learning—guided decision-making into a closed-loop workflow. Throughout this dissertation, zeolitic
imidazolate frameworks (ZIFs) are employed as a representative system to demonstrate the capabilities
of the AIRES platform. In this chapter, the experimental components of the platform (Figure 2.1) are
presented.

High-throughput experimentation

Reaction preparation

Robotic liquid handling Heating unit

Characterization
' ‘ "l 4 ﬁ e:‘r
4 L A2 a '

Automated optical microscopy SCXRD

Figure 2.1. Components of the experimental platform for reticular materials discovery.
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2.2 Zeolitic Imidazolate Frameworks

ZIFs constitute a subclass of MOFs characterized by tetrahedrally coordinated metal centers
bridged by imidazolate linkers, forming structures analogous to zeolites”. ZIFs present unique
challenges that make them particularly suitable for evaluating autonomous discovery platforms.

First, although ZIFs share a common tetrahedral building block geometry, linker-linker
interactions play a critical role in determining the conformation of adjacent building blocks. As a result,
multiple framework arrangements can be thermodynamically accessible, making it difficult to design
isoreticular structures or predict which topology will ultimately form®. Subtle variations in linker
functionality or reaction conditions can therefore lead to distinct structures, even when the connectivity
remains unchanged®. Second, the single-point metal-ligand coordination in ZIFs introduces
competing synthesis pathways. Metal centers can adopt both four- and six-coordinate environments,
while solvents, counterions, and other species may compete for coordination sites. These competing
interactions often lead to the formation of undesired phases or side products, further complicating
synthesis and reducing predictability.

This combination of structural diversity arising from subtle chemical variations and the
presence of multiple competing pathways makes ZIF synthesis highly sensitive to experimental
conditions. In contrast, other classes of reticular materials, such as carboxylate-based MOFs or COFs,
more frequently exhibit isoreticular behavior, where changes in functionality preserve the underlying

topology*>.

2.3 Automated and High-throughput Synthesis

The synthesis of reticular materials in this work follows a direct approach, in which precursor
species corresponding to building blocks are combined under controlled conditions to form extended
frameworks. To enable efficient exploration, an automated and high-throughput experiment platform
was developed to perform synthesis, reaction control, and post-processing in a reproducible and scalable
manner. The platform consists of three stages: automated reaction preparation, controlled thermal
treatment, and post-reaction processing.

Reaction preparation is carried out using a robotic liquid-handling system, which enables
precise and reproducible dispensing of reagents into a multi-well format. The system is based on an
Opentrons OT-2 platform equipped with dual pipetting modules, allowing accurate handling of both
small and moderate liquid volumes. The experimental setup utilizes a 96-well plate format, where each
well corresponds to a distinct chemical system and reaction condition. Stock solutions of metal
precursors and organic linkers are prepared at predefined concentrations and combined with solvent to
achieve the desired reaction composition. The use of stock solutions allows flexible control over
concentration and stoichiometry while maintaining consistency across experiments. All dispensing
operations are controlled through custom Python scripts executed through a Jupyter-based interface.
Reaction conditions are defined in structured input files, which are translated into pipetting
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instructions for the robotic system. To prevent cross-contamination, pipette tips are replaced between
transfers involving different stock solutions. The preparation of a full 96-well plate can be completed
within approximately 30 minutes, enabling efficient generation of large reaction libraries.

Following automated dispensing, the reaction plate is sealed and subjected to controlled thermal
treatment. Each plate is sealed using PTFE/silicone caps and mechanically secured between steel plates
to ensure uniform pressure and minimize solvent loss during heating. The sealed assembly is then placed
in an isothermal oven at the desired reaction temperature. Given the sensitivity of reticular synthesis to
temperature variations, thermal uniformity across the reaction plate is critical. To assess this, thermal
imaging experiments were conducted using an infrared camera to monitor temperature distribution
during heating. Measurements were performed at multiple positions across the plate and at different
time points during both the heating ramp and steady-state conditions (Figure 2.2). The results indicate
that the well plate maintains a relatively uniform temperature distribution under operating conditions,
both across its lateral dimensions and over time. Additional measurements from a top-view perspective
further confirm spatial uniformity (Figure 2.3). These observations validate that the thermal
environment is consistent across wells, ensuring that variations in reaction outcomes primarily arise
from controlled experimental parameters rather than unintended temperature gradients.

Well plate filled with DMF
Time (mins) Left Middle Right

30

120

Figure 2.2. Thermal imaging of a DMF-filled well plate during heating. Thermal images of the side view of a well plate filled
with DMF, sealed with PTFE/silicone cap, and secured between steel bars at 0, 30, and 120 minutes after placement in a
preheated 120 °C oven. Images were captured at left, middle, and right positions along the well plate’s side, with
corresponding temperatures (°C) displayed below each image.
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Empty well plate
Left Middle Right

Top

Center, B3 1°C s

Bottom

Figure 2.3. Thermal imaging of an empty well plate during cooling. Top-view thermal images of an empty well plate after
heating to thermal equilibrium and cooling for 5 minutes. Images were captured from the upper and lower rows at left,
middle, and right positions, with corresponding temperatures (°C) displayed below each image.

After thermal treatment, the reaction plate is allowed to cool to room temperature before
turther processing. The plate is then unsealed and returned to the robotic system for automated
handling of reaction products. A key step in post-processing is the removal of supernatant solution
while preserving solid products for subsequent optical imaging. This is achieved through a scripted
aspiration procedure, in which the pipette tip is positioned slightly above the bottom of each well to
avoid disturbing the solid phase. This automated post-processing step ensures consistent sample
preparation across all wells.

2.3 Automated Optical Microscopy and Computer Vision

Optical microscopy plays a critical role in the AIRES platform by providing a rapid and scalable
method for assessing reaction outcomes. Given the large number of reactions generated through high-
throughput synthesis, manual inspection of samples becomes a major bottleneck. To address this
challenge, an integrated workflow combining automated optical imaging and computer vision-based
analysis was developed to enable efficient identification of promising single crystals for further SCXRD
characterization.

Optical image acquisition is performed using an HRX-01 digital microscope, equipped with a
multi-illumination high-resolution auto-turret zoom lens and a motorized 100 mm x 100 mm
automated XY stage. Imaging is conducted in transmission mode, where light passes through the well
plate and sample from below the stage, enabling clear visualization of crystalline features. For each
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reaction well, five images are acquired. One image is captured at S0x magnification, centered on the well
to provide an overview of the sample morphology. In addition, four images are collected at 400x
magnification, each focusing on a different quadrant of the well (top left, top right, bottom left, and
bottom right). The microscope automatically determines the optimal focal plane by scanning a
predefined range along the z-axis and maximizing a contrast-based metric. This autofocus procedure
ensures consistent image quality across wells with varying sample distributions. To enable reproducible
imaging across experiments, well coordinates are manually calibrated and stored in a CSV file, which is
used to guide the automated positioning of the microscope stage during each imaging session.

To enable automated identification of single crystals, a labeled image dataset was constructed.
A total of 20,365 images were collected from high-throughput experiments on ZIF synthesis, including
7,184 images containing crystals and 13,181 images classified as non-crystals, which encompass both
clear solutions and amorphous or particulate precipitates. All images were manually labeled by an expert
crystallographer and subsequently verified by a second expert to ensure labeling consistency. Prior to
model training, the images were resized from their original resolution of 2040 x 1530 x 3 to 512 x 512
x 3, balancing computational efficiency and retention of relevant features. The dataset was randomly
divided into 18,327 training images and 2,038 test images. Representative examples of labeled images
are shown in Figures 2.4 & 2.5, highlighting the visual variability present within both crystal and non-

crystal categories.

Figure 2.4. Representative images with positive (crystal) labels in the image dataset. A random collection of 30 different
images arranged ina 5 x 6 array.
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Figure 2.5. Representative images with negative (non-crystals) labels in the image dataset. A random collection of 30
different images arranged ina 5 x 6 array.

A convolutional neural network was developed to classify optical images as either crystal or non-
crystal, enabling automated screening of reaction outcomes. The model is based on the EfficientNetV2-
S architecture® implemented in PyTorch®, which contains approximately 20.18 million trainable
parameters and requires 14.87 billion multiply—add operations (Table 2.1). Transfer learning was
employed by initializing the model with ImageNet-1K pretrained weights, allowing the network to
leverage previously learned feature representations. The output layer was modified for binary
classification. The model was trained using the ADAM optimizer® with a batch size of 64, a learning
rate of 0.001, and a weight decay of 0.0001 over 300 epochs. All layers of the network were fine-tuned
to adapt to the specific visual features associated with crystalline materials. To address class imbalance,
oversampling of crystal images was performed through data augmentation. These augmentations
included image flipping, contrast enhancement using CLAHE?, the introduction of defocus and
motion blur, as well as random adjustments to brightness, contrast, and RGB channels. Training and
validation loss curves are shown in Figure 2.6, while model performance on the test set is summarized in
the confusion matrix and the precision-recall curve presented in Figures 2.7 & 2.8, respectively. The
best model that maximized the validation accuracy was evaluated on the test set.

The human identification of suitable crystals relies on a combination of visual criteria, including
well-defined geometric features, uniform coloration, and sufficient size, typically on the order of
approximately 20 um in the shortest dimension. Based on these labels, the trained model achieved a
recall of 0.88 on the test set, indicating that most crystal-containing images were correctly identified.
Although the model substantially accelerates the screening process, human validation remains an
important step. Images predicted to contain crystals are reviewed by expert researchers to confirm their
suitability for single-crystal X-ray diffraction analysis.
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Table 2.1. Detailed layer structure of the EfficientNetV2-S architecture configured for binary crystal recognition.
Abbreviations: Conv2d (2D Convolutional layer), BN (Batch Normalization), SiLU (Sigmoid Linear Unit activation
function), FusedMBConv (Fused Mobile Inverted Bottleneck Convolution block), MBConv (Mobile Inverted Bottleneck

Convolution block), AdaptiveAvgPool2d (2D Adaptive Average Pooling layer).

Block Layer Type Output Shape Parameters
Input - [1, 3,256, 256] -
Entry Block Conv2d + BN + SiLU  [1, 24, 256, 256] 696
Block 1 2x FusedMBConv [1, 24, 256, 256] 10,464
Block 2 4x FusedMBConv [1, 48, 128, 128] 303,552
Block 3 4x FusedMBConv [1, 64, 64, 64] 589,184
Block 4 6x MBConv [1, 128, 32, 32] 917,584
Block 5 9x MBConv [1, 160, 32, 32] 3,064,840
Block 6 15x MBConv [1, 256, 16, 16] 15,076,800
Exit Block Conv2d + BN +SiLU  [1, 1280, 16, 16] 330,240
Head AdaptiveAvgPool2d [1, 1280, 1, 1] 0
Classifier Dropout + Linear (1, 2] 2,562
Losses Accuracies
—— Train Loss 1.000 4
121 Validation Loss
0.975 4
1.0 1
0.950 4
0.8
. 0.925 A
£ 0.900 4
0.47 0.875 -
0.2 4 I 0.850 4
k“% —— Train Accuracy
0.0 0.825 4 validation Accuracy
6 Sb 160 15‘0 250 25‘0 360 0 5‘0 lEIPU lfllﬂ 2[‘)0 25‘0 3[30
Epoch Epoch

Figure 2.6. Training and validation curves for the EfficientV2-S model showing loss (left) and accuracy (right) over 300

epochs.
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Figure 2.7. Confusion matrix depicting the best EfficientV2-S model’s classification results across 2,038 test images. The
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Figure 2.8. Precision-recall curve of the best EfficientV2-S model on 2,038 test images.
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2.4 Single Crystal X-ray Diffraction

Single-crystal X-ray diffraction (SCXRD) plays a central role in the AIRES platform by
providing definitive structural determination of reaction products. In the context of reticular materials
discovery, structural verification is not merely a characterization step but a fundamental requirement
for determining whether a desired framework has been successfully formed. This necessity arises from
the intrinsic complexity of reticular systems, where multiple crystalline phases with similar compositions
or morphologies may coexist under comparable synthesis conditions. Conventional characterization
techniques that rely on bulk properties or averaged structural information are often insufficient to
unambiguously distinguish between desired and undesired products. For example, PXRD is commonly
used to assess crystallinity and phase identity. While PXRD can provide information on lattice
parameters and allow indexing of diffraction peaks, it does not directly resolve atomic connectivity,
which defines the identity of reticular structures.

The importance of SCXRD in resolving such ambiguity is illustrated in several ZIF synthesis
systems using N,N-dimethylformamide (DMF) as the solvent (Figure 2.9). For instance, the reaction
between zinc nitrate hexahydrate and benzimidazole (bIm) yields not only the desired ZIF-7 structure,
Zn(bIm),, but also a secondary crystalline product with composition Zns(bIm){(HCOOQO){(DMF)s.
Similarly, reactions involving 2-nitroimidazole (2nIm) or 9H-purine (9pur) can produce both the
targeted ZIF frameworks, such as Zn(2nlm), and Zn(9pur),, and competing phases including
Zn(2nIm)(HCOO) and Zn,(9pur),(HCOO),(DMF). Although these products may exhibit differences
in crystal morphology, such distinctions are often insufficient to reliably determine their structural
identity. These examples demonstrate that solvent molecules and other species such as formate derived
from DMF, can participate in coordination and give rise to structurally distinct phases.

To enable efficientintegration of SCXRD into a high-throughput workflow, practical strategies
were adopted to reduce experimental burden while maintaining reliability. Crystals exhibiting similar
morphology within reactions involving the same linker are assumed to share identical structures, based
on the observation that macroscopic crystal symmetry often reflects microscopic symmetry. In addition,
crystals with unit cell parameters matching those of known ZIF structures are classified as known
frameworks, allowing rapid identification without requiring full structure refinement. These
approximations enable efficient screening while preserving the accuracy necessary for reliable structural
assignment.
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Figure 2.9. Optical microscopy images of crystalline products from ZIF synthesis, with crystal identities confirmed by
SCXRD. Yellow scale bar 100 pum.
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Chapter 3
Machine Learning for Crystallization Outcome
Classification

3.1 Introduction

In addition to the automated high-throughput experimental platform, a data-driven framework
for analyzing and predicting crystallization outcomes is needed to drive reticular materials discovery.
Central to this approach is the construction of a crystallization dataset that captures both successful and
unsuccessful reactions, providing a structured representation of reaction inputs and outcomes for
subsequent modeling’.

Machine learning offers a systematic approach to analyzing such datasets. Reaction outcome
prediction can be formulated as a supervised classification problem, where the goal is to learn a mapping
from experimental inputs to binary outcomes indicating successful or unsuccessful crystallization.
While conditions are already expressed as numerical variables, chemical identity cannot be directly
incorporated without appropriate representation. This necessitates the development of encoding
strategies that translate chemical information into quantitative descriptors while preserving relevant
physical and chemical characteristics.

In general, encoding approaches can be broadly categorized into several classes. One common
strategy is the use of handcrafted descriptors, which quantifies molecular properties such as topological
indices, steric parameters, and physicochemical properties*. These descriptors are widely used in
cheminformatics due to their interpretability and direct connection to chemical intuition. Another
approach is fingerprint-based representations, which encode the presence of local substructures in a
binary or count-based format and are effective for capturing structural similarity**. More recently,
graph-based representations have gained prominence, in which molecules and crystals are treated as
graphs with atoms as nodes and bonds as edges. Graph neural networks can then learn task-specific
representations directly from structures themselves®'% In addition, string-based representations, such
as SMILES", can be used in conjunction with sequence models to learn latent embeddings of

molecules!*?.

While these approaches are effective for representing individual molecules, reaction outcome

Parts of this chapter have been adapted from:

Rong, Z.; Chen, Z.; Luong, F.; Chheda, S.; Luong, H. T. N.; Zheng, Z.; Greco, K.; Alghamdi, A. A.; Bui, K. H.; Jaftrelot
Inizan, T.; Nguyen-Dang, T; Pham, H. H.; Le, D. D.; Sauer, J.; Phung, V. B. T ; Chayes, J. T ; Borgs, C.; Boley, M.; El Ghaoui,
L.; Yaghi, O. M. Algorithmic Iterative Reticular Synthesis of Zeolitic Imidazolate Framework Crystals. Nat. Synth. 2025, 5
(3), 409-419.
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prediction often depends not only on the identity of each component but also on the interactions
between multiple precursors under specific conditions'®". Therefore, an appropriate encoding strategy
must capture not only the intrinsic properties of each precursor but also how these properties influence
their interactions. To more explicitly account for interactions, descriptors can be constructed to reflect
pairwise or higher-order relationships between components.

In this chapter, both the crystallization dataset and the corresponding encoding strategy are
presented. The encoding focuses on the linker as the primary source of variation, using descriptors
derived from molecular structure and physicochemical properties. Crucially, the effects of the metal
center and solvent are incorporated implicitly through their interactions with the linker. Using these
representations, machine learning models are trained to predict crystallization outcomes from combined
chemical descriptors and reaction parameters, with labels defined by SCXRD-verified results. Model
performance is evaluated using appropriate classification metrics to assess predictive capability and
generalization behavior.

3.2 ZIF Crystallization Dataset

The initial design of the ZIF crystallization dataset was guided by prior knowledge extracted
from the literature. Reported synthesis conditions and successful linkers provide valuable starting points
for identifying regions of chemical space that are known to yield crystalline frameworks. However,
literature data exhibit an inherent limitation: published reports typically document only successful
synthesis conditions, while unsuccessful or suboptimal conditions are rarely disclosed. In reality,
successful crystallization occurs within a broader parameter space that includes many failed attempts.
This positive bias in reported data presents a significant challenge for data-driven modeling, as it
prevents the construction of balanced datasets necessary for training predictive models'®. Without
information on unsuccessful conditions, it is difficult to learn the boundaries that separate
crystallization from non-crystallization regimes. To address this limitation, an initial ZIF synthesis
dataset was constructed through high-throughput experimentation, using Zn(II) and linkers from
previously reported ZIF structures. In this approach, literature information is treated as a set of seeds,
around which a broader and more representative exploration of synthesis conditions is performed.

The reaction space was systematically defined and explored through a grid-based sampling
strategy. This dissertation focuses on Zn-based ZIFs constructed from a single type of linker, a class of
materials that, despite containing over 30 known structures derived from 16 linkers, has seen limited
expansion in recent years". From this pool, eight representative linkers were selected (Figure 3.1),
including imidazole (IM), 2-methylimidazole (2mIM), 2-nitroimidazole (2nIM), 4,5-dichloroimidazole
(45dcIM), benzimidazole (bIM), 9H-purine (9pur), 5-chlorobenzimidazole (ScbIM), and 5-methyl-4-
imidazolecarboxaldehyde (4a5SmIM). These linkers span a range of functional groups and substitution
patterns on the imidazole ring, providing diversity in both steric and electronic properties.

Each linker was reacted with zinc nitrate hexahydrate in N,N-dimethylformamide (DMF) under
systematically varied conditions. Three primary reaction parameters were identified as key variables
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governing crystallization behavior: total concentration, linker-to-metal ratio (expressed as the logarithm
of the ratio), and reaction temperature. The boundaries of this parameter space were determined based
on literature knowledge and preliminary experiments (Table 3.1 & Figure 3.2). Within this defined
space, grid sampling was performed by selecting discrete values for each parameter, using six values of
total concentration (0.05, 0.10, 0.15, 0.25, 0.35 and 0.50 mol L™), eight values of log linker-to-metal
ratio (—0.30, 0.00, 0.30, 0.48, 0.70, 0.90, 1.00 and 1.18), and seven values of temperature (65, 85, 100,
110, 120, 130 and 140 °C). This strategy generated 336 distinct reactions for each starting linker, leading
to a total of 2,688 reactions for the initial dataset. Stock solutions of metal salts and linkers were prepared
at concentrations of 0.15 and 0.50 mol L™, with DMF used as the solvent and diluent.

H H H cl H

N N N N
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N N N cl N
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N N N N
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Figure 3.1. Chemical structures and abbreviations of eight starting linkers. Abbreviations denote neutral linkers when
referring to reactants but represent their deprotonated forms in ZIF chemical formulae unless specified otherwise.

Table 3.1. Synthesis conditions of reported Zn-ZIFs used for determining the reaction condition space.

ZIF DOI Total Log linker-to- Temperature
concentration metal ratio (°C)
(mol/L)
ZIF-1 10.1073/pnas.0602439103 0.141 0.81 85
ZIF-2 10.1073/pnas.0602439103 0.141 1.18 85
ZIF-3 10.1073/pnas.0602439103 0.160 1.06 85
ZIF-4 10.1073/pnas.0602439103 0.198 0.46 130
ZIF-6 10.1073/pnas.0602439103 0.139 1.08 85
ZIF-7 10.1073/pnas.0602439103 0.066 -0.13 130
ZIF-8 10.1073/pnas.0602439103 0.085 -0.04 140
ZIF-10  10.1073/pnas.0602439103 0.160 1.06 85
ZIF-11  10.1073/pnas.0602439103 0.104 1.18 100
ZIF-11  10.1126/science.1152516 0.200 0.43 100
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ZIF-14  10.1126/science.1152516 0.200 0.43 85

ZIF-20  10.1126/science.1152516 0.200 0.40 65
ZIF-20  10.1038/nmat1927 0.300 0.70 65
ZIF-60  10.1126/science.1152516 0.120 0.48 85
ZIF-61  10.1126/science.1152516 0.090 0.30 100
ZIF-62  10.1126/science.1152516 0.150 0.30 100
ZIF-64  10.1126/science.1152516 0.200 0.95 100
ZIF-68  10.1126/science.1152516 0.160 0.60 100
ZIF-68  10.1021/ja809459% 0.200 0.30 100
ZIF-69  10.1126/science.1152516 0.200 0.60 100
ZIF-69  10.1021/ja809459% 0.200 0.30 85
ZIF-70  10.1126/science.1152516 0.200 0.60 100
ZIF-70  10.1021/ja809459% 0.200 0.40 110
ZIF-71 10.1126/science. 1152516 0.075 0.60 85
ZIF-71 10.1021/ja104035j 0.200 0.48 85
ZIF-72  10.1126/science.1152516 0.200 0.60 65
ZIF-73  10.1126/science.1152516 0.110 0.43 85
ZIF-74  10.1126/science.1152516 0.190 0.73 85
ZIF-76  10.1126/science.1152516 0.150 0.48 65
ZIF-77  10.1126/science.1152516 0.200 0.64 100
ZIF-78  10.1021/ja809459% 0.120 0.60 100
ZIF-79  10.1021/ja809459% 0.200 0.60 85
ZIF-80  10.1021/ja809459% 0.200 0.60 85
ZIF-81 10.1021/ja809459% 0.200 0.60 85
ZIF-82  10.1021/ja809459% 0.200 0.60 85
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Figure 3.2. Distribution of primary synthesis parameters. Dashed vertical lines indicate the boundaries of selected ranges.
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Following synthesis and characterization, reaction outcomes were assigned binary labels based
on structural verification. Only reactions that produced single crystals confirmed by SCXRD
corresponding to ZIF structures were labeled as successful (assigned a value of “17). All other outcomes,
including amorphous products, non-crystalline precipitates, and crystalline phases that do not

correspond to ZIF frameworks, were labeled as unsuccessful (assigned a value of “0”).

To analyze the relationship between reaction conditions and crystallization outcomes, the
binary results were projected onto two-dimensional parameter spaces (Figures 3.3-3.5) and one-
dimensional spaces (Figures 3.6-3.8). These visualizations reveal complex, non-monotonic
relationships between synthesis parameters and success rates. From a physical perspective, these patterns
can be understood in terms of both thermodynamic and kinetic considerations. Classical nucleation
theory suggests that optimal crystal growth requires a balance between parameters such as temperature,
concentration, and supersaturation, which collectively govern nucleation and growth rates®. At the
same time, coordination chemistry plays a critical role, as intermediate species formed during synthesis,
such as partially coordinated zinc complexes, can evolve into extended frameworks depending on their
stability and reactivity*". The crystallization behavior varies significantly across linkers. For example, IM
exhibits moderate success rates at high linker-to-metal ratios, corresponding to overlapping formation
regions of multiple ZIF structures. In contrast, 2mIM shows a more localized region of successful
crystallization at lower linker-to-metal ratios and elevated temperatures. Among the linkers studied,
2nIM demonstrates the greatest versatility, achieving high success rates across a wide range of conditions,
particularly at intermediate linker-to-metal ratios and lower temperatures. Other linkers exhibit more
constrained or distinct behaviors. For instance, 45dcIM yields successful crystallization only within a
narrow region at lower temperatures. The crystallization behavior of bIM and 9pur reveals an inverse
relationship, with bIM favoring low linker-to-metal ratios and 9pur favoring higher ratios. Additionally,
while both 5¢bIM and 4a5SmIM can form multiple ZIF structures, they display different preferences in
temperature and composition space, indicating that even subtle changes in functionalization can
significantly influence crystallization behavior.

These observations highlight two important insights. First, the overall success rate across all
linkers is approximately 25% * 16%, indicating that random exploration of the reaction space is highly
inefficient, particularly for more challenging linkers. Second, each linker exhibits a distinct and complex
crystallization landscape that does not follow simple or intuitive trends. The absence of clear,
generalizable patterns underscores the difficulty of relying solely on human intuition for experimental

design.
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Figure 3.3. Success rate maps of individual starting linkers as functions of total concentration and log linker-to-metal ratio.

The success rate is shown as surface plots for each starting linker. The color intensity corresponds to the success rate, with
darker red indicating higher success rates.
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Figure 3.4. Success rate maps of individual starting linkers as functions of total concentration and temperature. The success

rate is shown as surface plots for each starting linker. The color intensity corresponds to the success rate, with darker red
indicating higher success rates.
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3.3 Reaction Encoding

Reaction encoding is achieved by constructing feature vectors that combine linker-specific
descriptors with reaction parameters. The encoding is developed from four complementary perspectives,
namely functional group composition, molecular geometry, quantum mechanical properties of the
linker, and quantum mechanical properties of a representative prenucleation species. These descriptors
are subsequently concatenated with experimental parameters for model training. A schematic overview

of the encoding strategy and a complete list of features are provided in Figure 3.9 and Table 3.2,
respectively.
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Figure 3.9. Schematic illustration of reaction encoding used for machine learning model.

Table 3.2. The names and meanings of features used in the reaction encoding.

Feature Description

feat_ HbondAcceptorCount Total number of hydrogen bond acceptors present on
the neutral linker.

feat_HalogenOnC2 Binary indicator (0 or 1) for the presence of a halogen
atom at the C2 position of the linker.

teat_HalogenOnC4orC5_ Count of halogen substituents at C4/CS positions,

IM-based applicable only to imidazole-based linkers (set to 0 for
benzimidazole-based linkers).

feat_NitroCount Total number of nitro (-NO2) groups present on the
linker.

feat_CyanoCount Total number of cyano (-CN) groups present on the
linker.

feat_TopDistance (A) Distance from the furthest C2 substituent atom to the

line segment connecting the two imidazole nitrogen
atoms, measured using the optimized geometry of the
deprotonated linker.

feat_BottomDistance (A) Distance from the furthest C4/CS5 substituent atom to
the line segment connecting the two imidazole nitrogen
atoms, measured using the optimized geometry of the
deprotonated linker.

feat_LeftRightDistanceMax (A) The larger of the horizontal distances between vertical
planes containing outermost atoms at C2 or C4/C5
positions and their nearest imidazole nitrogen planes in
the optimized deprotonated structure.

feat_LeftRightDistanceMin (A) The smaller of the horizontal distances between vertical
planes containing outermost atoms at C2 or C4/C5
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feat_N1ESPChargeNeutralLowEnergy
feat_ H1IESPChargeNeutralLowEnergy

feat_ElectronicEnergyDifference-
NeutralLowEnergyCharged (kJ/mol)

feat_ NIN3ESPChargeChargedMax
feat_ N1N3ESPChargeChargedMin
feat dH_in_ DMF_298K

feat_ dG_in_DMF_298K
feat_d(Zn-N)Avg

feat_ A(N-Zn-N)

feat_qZn(APT)
feat_q[N]-Zn(APT)Avg
feat_q[N]-H(APT)Avg
rxn_TotalConcentration (mol/L)

rxn_Logl0LinkerMetalRatio
rxn_Temperature (°C)
rxn_MetalConcentration (mol/L)

rxn_LinkerConcentration (mol/L)

positions and their nearest imidazole nitrogen planes in
the optimized deprotonated structure.

Electrostatic potential charge on N1 from the lower-
energy neutral tautomer.

Electrostatic potential charge on H1 (attached to
nitrogen) from the lower-energy neutral tautomer.

Electronic energy difference between the lower-energy
neutral tautomer and the deprotonated (charged) form

of the linker.

The more positive electrostatic potential charge between
the two N atoms in the deprotonated (charged) form.

The more negative electrostatic potential charge between
the two N atoms in the deprotonated (charged) form.

Enthalpy (AH) of Zn(H,O)(NOs), + 2L —
Zan(NO3)2 + 4H20 at 298 K.

Gibbs free energy (AG) of Zn(H,0)(NOs),+ 2L —
ZI’le(NO3)2 + 4H20 at 298 K.

Average Zn-N bond length for all coordinating N
atoms in the prenucleation cluster.

N-Zn-N angle formed by coordinating N atoms and

the central Zn atom in the prenucleation cluster.

APT charge of the central Zn atom in the prenucleation
cluster.

Average APT charge of coordinating N atoms bonded
to Zn in the prenucleation cluster.

Average APT charge of terminal N atoms bonded to H
(not Zn) in the prenucleation cluster.

Combined concentration of metal ions and linkers in the

reaction mixture.

Log10 of the linker-to-metal concentration ratio.
Reaction temperature during heating.
Concentration of metal ions in the reaction mixture.

Concentration of linkers in the reaction mixture.
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The simplest level of chemical representation involves encoding the presence of functional
groups on the linker. Such features are particularly important because specific functional groups can
exhibit systematic dependencies on reaction conditions. For example, halogen substituents at the C2,
C4, or CS positions of the imidazole backbone are more susceptible to substitution reactions under
synthesis conditions, whereas halogen atoms at the C4-C7 positions of the benzimidazole backbone are
comparatively less reactive due to differences in electronic structure and steric environment. Similarly,
cyano groups may undergo hydrolysis at elevated temperatures to form amide species, thereby diverting
the system away from the intended ZIF crystallization process. By incorporating such functional group
descriptors, the model can capture these chemically meaningful trends and their interactions with
reaction parameters.

Beyond functional group identity, both steric and electronic effects of substituents play critical
roles in determining framework topology and crystallization behavior. To capture these factors,
quantum mechanical calculations are performed on both neutral and deprotonated forms of each linker.
Geometry optimization is carried out using density functional theory (DFT) at the B3LYP/6-31G*

level?

, with solvent effects incorporated through a polarizable continuum model representing DMF>,
From the optimized deprotonated structures, geometric descriptors are extracted to quantify steric
effects. Distances are measured relative to a reference axis defined by the two imidazolate nitrogen atoms,
which represent the coordination sites. These descriptors include distances from substituents at the C2
and C4/CS5 positions to the coordination axis, as well as lateral distances that characterize the overall
width of the linker. Both maximum and minimum lateral distances are included to account for
asymmetry in substitution patterns. In parallel, electronic descriptors are derived from the same DFT
calculations to capture properties governing coordination and reactivity. These include electrostatic
potential (ESP) charges*, particularly the nitrogen atoms involved in coordination and the hydrogen
atom in the neutral form. The relative stability of neutral tautomers is evaluated, and the lowest-energy
configuration is used for descriptor extraction. Additionally, the electronic energy difference between
the neutral and deprotonated forms is computed, providing a quantitative measure of the ease of

deprotonation and, consequently, the coordination propensity of the linker.

In addition to isolated linker properties, the early stages of ZIF formation involve coordination
between metal ions and linkers, leading to the formation of intermediate species. To explicitly account
for these interactions, descriptors are also derived from a representative prenucleation cluster. The
model system consists of a zinc center coordinated by two neutral linkers and two nitrate ions,
representing a plausible intermediate in ZIF formation. For each linker type, multiple configurations
with different linker orientations are generated and optimized using the M06-L functional® and the
def2-SVDP basis set® with the SMD implicit continuum solvent model*. The most stable configuration
is identified, from which the descriptors are extracted. These include the formation enthalpy and Gibbs
free energy of the coordination process, average Zn—N bond lengths, coordination angles, and atomic
polar tensor (APT)* charges on zinc and nitrogen atoms. These features provide a direct representation
of metal-linker interactions, which are central to framework nucleation and growth. All calculations
were performed in Gaussian 16%.
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3.4 Predictive Performance of Random Forest Classifier

To assess the ability of machine learning models to learn patterns within the crystallization
dataset, first an interpolation setting was employed. In this setting, all reactions, regardless of linker
identity, were pooled together and randomly shuffled to remove any ordering bias. The dataset was then
split into training and validation subsets using five-fold cross-validation®. In each fold, the model was
trained on 80% of the data and evaluated on the remaining 20%.

Random forest is selected for making predictions. Random forest is an ensemble learning
method that constructs a collection of decision trees and aggregates their predictions to improve
robustness and predictive performance. Each tree is trained on a bootstrap sample of the dataset, where
training data are randomly sampled with replacement. This process, known as bagging (bootstrap
aggregating), reduces variance by averaging predictions across multiple independently trained models™.
In addition to bootstrapping, random forest introduces randomness during tree construction by
selecting a subset of features at each split. This further decorrelates the trees and improves generalization
performance. For classification tasks, each decision tree produces a class prediction, and the final output
of the random forest is obtained by aggregating these predictions across all trees. In this case, the model
outputs a probability of successful crystallization, computed as the fraction of trees that predict the
positive class.

The performance of the random forest model depends on several hyperparameters that control
model complexity and learning behavior. Key hyperparameters include the number of trees
(n_estimators), the maximum depth of each tree (max_depth), the minimum number of samples
required to split a node (min_samples_split), and the minimum number of samples required at a leaf
node (min_samples_leaf). To quantify their influence, hyperparameter tuning was performed using
five-fold cross-validation, with log loss as the primary evaluation metric (Figure 3.10). The
implementation of random forest in scikit-learn library was used*. Among these parameters, max_depth
was found to have the most significant impact on model performance. Specifically, log loss exhibits a
non-monotonic dependence on max_depth, with an optimal value at intermediate depths. Shallow trees
are insufficient to capture the complexity of the dataset, leading to underfitting, while overly deep trees
tend to overfit, resulting in less well-calibrated probability estimates and increased log loss.

The interpolation performance was further evaluated across multiple metrics, including,
accuracy, ROC AUC?, and recall. Model performance was compared against a baseline dummy
classifier, which predicts outcomes based solely on class frequency without utilizing input features.
Across all evaluated metrics except recall, the random forest model significantly outperforms the
dummy classifier. Improvements in log loss indicate that the model produces better-calibrated
probability estimates, while higher accuracy and ROC AUC reflect improved classification
performance and discriminative ability. For recall, the dummy classifier does not provide a meaningful
comparison, as its predictions are determined entirely by class imbalance and do not systematically
identify positive cases.

Notably, the dependence of performance on max_depth differs across evaluation metrics
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(Figure 3.11). While log loss reaches an optimum at intermediate depths, both accuracy and ROC AUC
tend to improve monotonically with increasing max_depth. This difference arises from the nature of
these metrics. Accuracy and recall rely on a fixed classification threshold of 0.5, and therefore primarily
reflect the correctness of binary predictions. In contrast, log loss evaluates the full predicted probability
distribution and penalizes overconfident or poorly calibrated predictions, making it more sensitive to
overfitting. As a result, log loss provides a more rigorous assessment of model performance in
probabilistic classification tasks, particularly when prediction confidence is important. Overall, these
results demonstrate that, under interpolation conditions, the random forest model can capture
meaningful relationships between encoded chemical features, reaction parameters, and crystallization

outcomes.
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Figure 3.10. Hyperparameter dependence of random forest log loss on ZIF crystallization dataset. Training and validation
log loss as a function of random forest hyperparameters, including max_depth, n_estimators, min_samples_split, and
min_samples_leaf, are evaluated using five-fold cross-validation. Shaded regions indicate standard deviation across folds. For
each plot, only the specified hyperparameter is varied while all others are fixed at their default values in the scikit-learn

implementation.
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max_depth, evaluated by accuracy, ROC AUC, log loss, and recall. Shaded regions indicate standard deviation across folds.
Other hyperparameters are fixed at their default values in the scikit-learn implementation.

In practical materials discovery scenarios, the chemical system of interest often has no prior
experimental data. This setting differs from interpolation, where predictions are made within a
previously sampled space. Instead, the task becomes one of extrapolation, where the model must make
predictions for new chemical systems that lie outside the distribution of the training data. In the context
of this dissertation, extrapolation arises when predicting crystallization outcomes for previously unseen
linkers.

To evaluate extrapolation performance, the dataset was partitioned at the level of linkers rather
than individual reactions. Given the eight linkers in the initial ZIF crystallization dataset, several leave-
k-out strategies were employed, including leave-four-out, leave-three-out, leave-two-out, and leave-one-
out schemes. In each case, all data associated with selected linkers were excluded from the training set
and used exclusively for validation. The model was trained on the remaining linkers and evaluated on
the held-out linkers, ensuring that no information about the target chemical system was present during
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training. The random forest model was used for all experiments, with log loss as the primary evaluation
metric due to its sensitivity to probabilistic predictions (Figure 3.12).
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Figure 3.12. Extrapolation performance of the random forest model on the ZIF crystallization dataset as a function of
max_depth using the leave--out scheme. Shaded regions indicate standard deviation across folds. Other hyperparameters
are fixed at their default values in the scikit-learn implementation.

A consistent trend is observed across all four scenarios: increasing the maximum tree depth leads
to higher validation log loss. This behavior contrasts with the interpolation setting, where intermediate
tree depths provided optimal performance. The degradation in performance at larger max_depth
indicates that deeper trees tend to overfit the training linkers, capturing patterns that do not generalize
to unseen chemical systems. Comparing different leave-£-out schemes reveals that increasing the
number of linkers in the training set provides some improvement in extrapolation performance.

However, this improvement is modest.
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Although reticular materials discovery often begins as an extrapolation problem, it is inherently
iterative. As new experimental data are generated for previously unexplored linkers, these data can be
incorporated into the training set, gradually reducing the distributional gap between training and target
systems. In this process, the prediction task transitions from purely extrapolative toward interpolation
within an expanded chemical space. Given that the initial dataset contains only eight linkers, the
observed modest improvements with increasing training diversity suggest that incorporating additional
linkers is expected to further enhance predictive performance. This highlights the importance of
coupling machine learning models with experimental platforms in a closed-loop framework, where
iterative data acquisition enables progressively more accurate and generalizable predictions.
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Chapter 4
Algorithmic Decision-Making for Accelerating Reticular
Materials Discovery

4.1 Introduction

Discovery differs fundamentally from conventional optimization tasks. Rather than
maximizing a continuous property or refining an existing system, the objective is to identify at least one
successful instance of a desired structure. Once such a structure is discovered, further optimization does
not contribute additional value in its existence. This distinction necessitates a different approach to
decision-making. For crystallization, outcomes are naturally represented as binary labels indicating
whether a reaction yields the desired single crystals. As shown in Chapter 3, probabilistic machine
learning models can be used to estimate the likelihood of crystallization success. More generally, in data-
driven decision-making, classification models provide probabilities of discrete outcomes, while
regression models can quantify predictive uncertainty, both of which enable principled strategies for
balancing exploration of uncertain regions and exploitation of high-confidence candidates. Such
probabilistic or uncertainty-aware predictions have been widely applied across chemistry and materials
science, including organic molecules'~, metal complexes®’, perovskites®®, and nanoparticles’ . Under
the present discovery-oriented formulation, these probabilities are directly used to prioritize
experiments, focusing on selecting conditions that maximize the likelihood of obtaining at least one
successful outcome. Accordingly, a greedy policy is adopted, in which candidate experiments are ranked
based on their predicted probability of success and selected in descending order to guide experimental

execution.

Decision-making is integrated with the experimental platform in a closed-loop framework.
Suggested experiments are executed through automated synthesis and characterization, and the resulting
outcomes are incorporated into the dataset to update the model. Such self-driving lab paradigms have

been increasingly explored to accelerate scientific discovery'>"

. This iterative process enables
progressive refinement of predictive capability as the model adapts to newly explored regions of
chemical space. Moreover, the high-throughput nature of the platform requires experiments to be
conducted in batches, making batch design an essential component for maximizing discovery

efficiency'.

Parts of this chapter have been adapted from:

Rong, Z.; Chen, Z.; Luong, F.; Chheda, S.; Luong, H. T. N.; Zheng, Z.; Greco, K.; Alghamdi, A. A.; Bui, K. H.; Jaftrelot
Inizan, T.; Nguyen-Dang, T; Pham, H. H.; Le, D. D.; Sauer, J.; Phung, V. B. T ; Chayes, J. T ; Borgs, C.; Boley, M.; El Ghaoui,
L.; Yaghi, O. M. Algorithmic Iterative Reticular Synthesis of Zeolitic Imidazolate Framework Crystals. Nat. Synth. 2025, 5
(3), 409-419.
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This chapter presents the algorithmic decision-making framework for discovery objective,
including the acquisition function and batch selection formalism. To evaluate this framework, 48 new
candidate linkers, spanning diverse chemical structures, were selected and encoded using the feature
representation described in Chapter 3. Discovery performance on the new linker set is evaluated and
compared with baseline strategies, followed by analysis of model suggestions and ablation studies on
feature representations. Together, these results demonstrate how algorithmic decision-making, coupled
with automated experimentation, can accelerate reticular materials discovery.

4.2 Acquisition Function and Batch Formalism

The objective of the decision-making process for the discovery objective is to maximize the
number of unique discoveries within a limited experimental budget. This objective differs from
traditional optimization frameworks, such as Bayesian optimization'” and multi-armed bandits'®, which
are designed to maximize success probability or cumulative (potentially non-unique) rewards. The
discovery objective naturally leads to a greedy decision-making strategy, in which experiments are
prioritized based on their predicted probability of success.

Given a probabilistic machine learning model, each candidate reaction is associated with a
predicted probability of yielding a successful crystallization outcome. The acquisition function is
therefore defined directly in terms of this probability, ranking candidates according to their likelihood
of success. In the sequential setting, the greedy algorithm operates as follows:

1. Initialization phase
e Construct initial model M using training data Dy,qip,
e Define experiment space X containing all possible reaction candidates
2. Discovery cycle (repeated until budget exhaustion)
e Selection: choose experiment x; maximizing predicted success probability from M
e Execution: conduct the experiment and record outcome y,
e Update:
— Incorporate new datapoint (x¢, y¢) into Deqin
— For successful outcomes (y, = 1), remove all remaining experiments with the same
linker from X

— Retrain model M using updated dataset

In practice, experiments are conducted in batches due to the high-throughput nature of the
experimental platform. This introduces an additional challenge: selecting a set of experiments that
collectively maximize discovery performance. A naive extension of the greedy strategy would
independently select the top-ranked candidates. However, this approach neglects dependencies between
candidates, particularly when multiple experiments involve the same linker. Therefore, batch selection
must account for redundancy within the batch. To address this, a batch construction strategy is
developed as follows:
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1. Initialization phase
e Construct initial model M using training data D4y
e Define experiment space X containing all possible reaction candidates
2. Batch construction cycle
e Initialize: create empty batch B, = {}
e Batch assembly: for b = 1 to Np:
— Calculate expected reward R(x) for all remaining candidates x € X
— Select candidate x? maximizing R (x)
— Add selected candidate to batch: B, <— B, U {x?}
— Update reward function R (x)
— Remove selected candidate from consideration: X < X \ {x?}
e Execution: conduct all experiment in B, and record outcome {y?}
e Update:
— Incorporate new datapoint ({x?}, {y?}) into Dy-gin
— For successful outcomes (yf = 1), remove all remaining experiments with the same
linker from X
— Retrain model M’ using updated dataset

The reward function R (x) is defined as follows:

R(xpew) = P [success with x| — P [success without xpey ]
=P[3x € B} U {xpew}:Y(x) =1] —P[3x € Bl : Y (x) = 1]

=P[Y(Xpew) = 1| VX EB!:Y(x) =0] x P [Vx € B} : Y(x) = 0]

where B{ denotes the set of previously selected candidates in the current batch that share the same linker
[, and Y (x)represents the random outcome of candidate x. Accordingly, estimating the expected
reward reduces to evaluating two quantities: a conditional probability and a joint probability. The joint
probability can be computed using the chain rule, decomposing it into a product of conditional
probabilities that can be estimated individually:

l
P[vxeB! :Y(x)=0] = l_[ PY(x ) =0]Y(xk") == v(x*) =0]
k=1

Estimating this marginal contribution requires evaluating conditional and joint probabilities. In
practice, the conditional probabilities are approximated by temporarily augmenting the training dataset
with virtual failure observations for previously selected candidates associated with the same linker,
followed by retraining the model. While this procedure is exact for fully probabilistic models such as
Gaussian process classifiers, it serves as an effective heuristic for models such as random forests, enabling
practical estimation of conditional probabilities.

Despite the need for repeated model updates within each batch, the computational cost remains
comparable to the sequential setting. For each candidate addition, the expected reward contributions of
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remaining candidates sharing the same linker are updated by refitting the model with augmented data.
By storing intermediate conditional probabilities, joint probabilities can be computed efficiently.

The batch formalism also accommodates practical experimental constraints. For example, in the
present system, reactions within a batch must share the same temperature due to equipment limitations.
This constraint is incorporated by restricting the candidate search space during batch construction.
Specifically, candidate batches are evaluated across a discrete set of allowable temperatures, and the batch
configuration that maximizes the expected reward is selected. These constraints are enforced without

altering the underlying greedy principle.

4.3 Discovery Performance

To evaluate the effectiveness of the machine learning—guided discovery framework, a set of 48
new linker candidates was selected to define an unexplored chemical space. The selection process was
designed to be largely unbiased, subject to two practical constraints. First, linkers were required to
exhibit sufficient solubility in the solvent, which is DMF in this case, at ambient temperature to ensure
compatibility with the robotic liquid handling system. Second, linkers containing strongly coordinating
functional groups, such as hydroxyl or amino groups, were excluded to avoid competition with
imidazole nitrogen atoms for metal coordination, which could lead to undesired side reactions. The 48
new linkers are divided between imidazole- and benzimidazole-based structures (Figure 4.1). Among
these, 2-bromoimidazole (2BrIM), 2-cyanoimidazole (2cyIM), and 2-propylimidazole (2pIM) have
previously been reported in Zn—-ZIF synthesis under alcohol-based conditions*. The remaining 45
linkers have not been independently synthesized into ZIF single crystals.
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Figure 4.1. Chemical structures and abbreviations of 48 new linkers.

The newly selected linkers were encoded using the same feature representation described in
Chapter 3, ensuring consistency between training and prediction. Principal component analysis (PCA)
of the linker features reveals clustering of imidazole- and benzimidazole-based linkers (Figure 4.2).
However, the relatively low explained variance (50.8% captured by the first two principal components)
underscores the intrinsic complexity of the chemical space, which cannot be adequately described by
simple linear combinations of features (Figure 4.3). Given the higher cost of these linkers and insights
gained from the initial crystallization dataset, a reduced sampling was employed while maintaining
coverage of the same reaction condition space. Specifically, reactions were conducted across two values
of total concentration (0.15 and 0.40 mol L"), six values of the logarithmic linker-to-metal ratio (0.00,
0.25, 0.50, 0.75, 1.00, and 1.25), and three temperature settings (70, 100, and 130 °C). This design
resulted in 36 candidate reactions per new linker, compared to 336 reactions per linker in the initial
dataset.

49



I I I I ! | ' I T T T I
4+ ’ . —
2+ -

T | e . ]
2 o PS
<]
£ oF . 7
3 .. ’
5 - = -
o ® ‘
-2 ' -
e ©
L o 4
o
_4_ —

1 | 1 | 1 | | 1 | 1 |

-5 -3 -1 1 3 5 7

PCA component 1
4 starting linkers

IM-based new linkers

R
el

Ry

R

blM-based new linkers

Rs a
T
R N

Figure 4.2. Two-dimensional PCA projection of the chemical space, showing the distribution of 8 starting linkers (red
diamonds), 24 new IM-based (grey triangles) and 24 new bIM-based linkers (purple circles).

1.0 '__'__,_-.--.-—4—-0--&—-0
*"
0.8 =4

0.6 !

0.4 /

Cumulative explained variance

0.2

0.0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
Number of principal components

Figure 4.3. Cumulative explained variance ratio as a function of principal components for linker features.

Two probabilistic machine learning models were employed for guiding discovery: random
forest classifier (RFC)* and Gaussian process classifier (GPC)***. The RFC model captures complex,
nonlinear relationships through an ensemble of decision trees, while the GPC model provides naturally
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calibrated probability estimates through a kernel-based probabilistic framework. A key challenge in this
setting arises from data imbalance. Each initial training linker is associated with hundreds of data points,
whereas new linkers are explored sequentially with only a small number of experiments. This imbalance,
combined with the inherent distributional shift between known and new linkers, can lead to diminished
sensitivity of the model to newly acquired data.

To address this issue, two strategies were implemented. First, data augmentation techniques
were used to increase the influence of newly obtained experimental results during training. The degree
of augmentation reflects the similarity between new and training linkers. When a new linker resembles
known systems, minimal augmentation is required; when it differs substantially, stronger augmentation
helps the model prioritize learning from new data. An augmentation factor of 10 was selected,
approximately matching the ratio between the number of experiments per initial (336) and new linker
(36), providing a balance between leveraging prior knowledge and adapting to new chemical space.
Second, dynamic hyperparameter optimization was applied to adjust model complexity as new data
were incorporated, effectively increasing the weight of recent observations. Every 100 iterations, five-
fold cross-validation was performed on newly collected data to determine the optimal maximum tree
depth, using log loss as the objective. Other hyperparameters were kept at their default values. The GPC
model provides an alternative probabilistic framework based on a latent Gaussian process, offering
naturally calibrated probability estimates and uncertainty quantification. Analysis of the initial dataset
revealed distinct behaviors: outcomes vary smoothly with reaction conditions for a fixed linker but
exhibit less continuity across linker identities. To capture this structure, a composite kernel was

employed:
k(x,x") = kppp(Xe, Xe") X Kyars2 (21, %1")

where kgpgg denotes a radial basis function kernel applied to the experimental features X, capturing
smooth variations across reaction conditions, and Kyja¢s, represents a Matérn-5/2 kernel applied to the
linker features x), allowing for less smooth variations across molecular structures. Posterior probabilities
and hyperparameters were computed using variational inference implemented in the GPyTorch
library*. While for RFC, probability estimate was achieved through the proportion of trees predicting
success and the implementation in the scikit-learn library was used®.

Although more complex models such as neural networks could in principle be applied, the
limited number of unique linkers in the training dataset makes such approaches less suitable. RFC and
GPC were therefore selected for their robustness, interpretability, and ability to provide uncertainty-
aware predictions in low-data regimes.

To rigorously compare machine learning-guided discovery with random exploration, multiple
trials are required to account for stochastic variation. Because repeated experimental campaigns are
resource intensive, an equivalent validation strategy was adopted. A comprehensive grid of reaction
conditions was first executed experimentally for all 48 new linkers, generating a dataset of 1,728
reactions. This dataset enables simulation of different discovery strategies by iteratively selecting
candidate experiments and retrieving their outcomes, eliminating the need for repeated physical
experiments. Using this framework, both machine learning-guided and random search (RS) strategies
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were evaluated under identical conditions.

Distinct discovery behaviors were observed across different strategies (Figure 4.4). Random
search required approximately 1,400 experiments to identify all ZIF-forming systems among the 10
successful linkers, exhibiting a gradually diminishing discovery rate characteristic of exhaustive
exploration. The GPC-based approach demonstrated rapid early discoveries but plateaued at a
performance level comparable to random search. This behavior likely reflects the difficulty of
extrapolating from the initial dataset to chemically distinct linkers. In contrast, RFC achieved
substantially improved performance, identifying all successful systems in approximately 700
experiments, representing a twofold reduction in experimental effort compared to random search. This
result demonstrates the effectiveness of RFC in capturing relevant patterns and prioritizing promising
candidates within the chemical space.
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Figure 4.4. Reward (number of distinct discoveries) of AIRES equipped with RFC (red) and GPC (magenta), and RS under
the sequential setting. Solid lines represent the mean, and shaded areas represent the range of £1 standard deviation (16
repetitions for REC/GPC; 100 repetitions for RS). The red dashed line indicates the maximum achievable reward.

The batch implementation preserves the efficiency of the RFC-based approach while enabling
high-throughput experimentation. Across a range of batch sizes, the batch algorithm consistently
required approximately half the number of experiments compared to random search to achieve the same
number of discoveries (Figure 4.5). This result is non-trivial. A naive strategy that selects the top-k
candidates based solely on predicted probability introduces significant redundancy, as multiple
experiments may target the same linker. Such redundancy leads to substantially worse performance than
even batch random search (Figure 4.6). In contrast, the proposed batch selection strategy explicitly
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accounts for dependencies between candidates through conditional probability estimation, ensuring
that experiments within a batch provide complementary information. This enables efficient extension
of machine learning-guided discovery to parallel experimental settings.
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Figure 4.5. Reward (number of distinct discoveries) of Batch AIRES(RFC) and Batch RS under different batch sizes. Solid
lines represent the mean, and shaded areas represent the range of +1 standard deviation (16 repetitions for Batch
AIRES(RFC); 100 repetitions for Batch RS). Batch sizes: 24 reactions per iteration (left), 48 reactions per iteration (middle),
and 96 reactions per iteration (right).
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Further insight is obtained by examining the distribution of experiments required to discover
each successful linker based on the results of the sequential setting (Figure 4.7). For some linkers, such
as 2cyIM, both random search and RFC achieved early discovery, indicating that crystallization occurs
under relatively broad conditions. In such cases, the advantage of model guidance is modest but still
present. For more challenging systems, such as 6mbIM, the difference is more pronounced. Random
search discovers these systems at a roughly uniform rate through exhaustive exploration, whereas RFC
significantly accelerates discovery by identifying patterns in the reaction space. An interesting exception
is 2pIM, where random search outperformed RFC. Although this linker exhibits moderate overall
success rates, its structural features and resulting ZIF topology differ substantially from those in the
training data. As a result, the model assigns lower predicted probabilities and deprioritizes these
candidates, while random search benefits from uniform sampling. Despite such exceptions, the overall
performance demonstrates that the AIRES framework, particularly when using RFC, consistently
outperforms random exploration and enables substantial acceleration of reticular materials discovery.
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Figure 4.7. Kernel density estimation showing the distribution of the number of experiments required to discover newZIF
crystals for the ten successful linkers using AIRES (RFC) versus RS. Horizontal bars beneath each distribution indicate

individual discovery events across multiple repetitions.

4.4 Analysis on Predictions and Feature Selections

Further analysis of the AIRES (RFC) discovery trajectory (Figure 4.8) reveals that the model
effectively captures crystallization tendencies and prioritizes promising candidates during exploration.
This behavior is reflected in the non-uniform frequency of suggested linkers, which contrasts sharply
with the uniform sampling pattern of random search. Certain linkers are sampled more frequently,
indicating that the model identifies them as having higher potential for ZIF formation. This
prioritization arises from the model’s ability to learn chemically meaningful patterns from the feature
space. For example, linkers with bulky substituents at the 2 and 4/S positions are suggested less
frequently, consistent with steric hindrance around the metal center that disfavors framework
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formation. Such trends demonstrate that the model can capture physically relevant constraints
governing crystallization.
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A deeper understanding of model behavior is obtained by examining predicted crystallization
landscapes across the reaction condition space. For each successful linker, probability heatmaps are
constructed at two key timepoints: iteration 0, where the model is trained only on the initial dataset, and
the final iteration prior to discovery, where the model incorporates all previously acquired data for that
linker (Figures 4.9-4.18). In these visualizations, white crosses indicate previously tested conditions that
resulted in negative outcomes, while the red star marks the experiment that ultimately yielded a successful
crystal. For consistency, the heatmaps are generated using an RFC model retrained on the trajectory data,
with the maximum tree depth matched to that used during the discovery process. Although this
retrospective analysis introduces minor numerical differences, it preserves the overall trends in the
predicted landscapes. Two distinct model behaviors are observed. For some linkers, such as 2cyIM and
4m5nIM, the model rapidly forms a well-defined probability landscape early in the process, enabling
accurate identification of favorable regions and leading to early discovery. In contrast, for more
challenging linkers such as 6mhbIM and 6mbIM, the predicted landscapes remain relatively flat
throughout much of the exploration. Despite this uncertainty, the model still identifies these linkers as
promising and allocates additional experimental resources to them, ultimately accelerating discovery

compared to random search.
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Figure 4.9. Heatmaps of predicted crystallization landscapes for 2cyIM in a single sequential trajectory from AIRES(RFC).
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Figure 4.10. Heatmaps of predicted crystallization landscapes for 2pIM in a single sequential trajectory from AIRES(RFC).
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Figure 4.11. Heatmaps of predicted crystallization landscapes for SBrIM in a single sequential trajectory from AIRES(RFC).
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Figure 4.12. Heatmaps of predicted crystallization landscapes for 4cyIM in a single sequential trajectory from AIRES(RFC).
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Figure 4.13. Heatmaps of predicted crystallization landscapes for 4mSnIM in a single sequential trajectory from

AIRES(RFC).
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Figure 4.14. Heatmaps of predicted crystallization landscapes for 4mSBrIM in a single sequential trajectory from
AIRES(RFC).
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Figure 4.15. Heatmaps of predicted crystallization landscapes for 6fbIM in a single sequential trajectory from AIRES(RFC).
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Figure 4.16. Heatmaps of predicted crystallization landscapes for 6mhbIM in a single sequential trajectory from

AIRES(RFC).
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Figure 4.17. Heatmaps of predicted crystallization landscapes for 5BrbIM in a single sequential trajectory from
AIRES(RFC).
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Figure 4.18. Heatmaps of predicted crystallization landscapes for 6mbIM in a single sequential trajectory from
AIRES(RFC).
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Ablation studies are often used in machine learning to evaluate the influence of different
features on model performance by selectively removing or modifying them®**”. Here two ablation
studies were conducted. In the first study, all quantum mechanical-derived features, ranging from
electrostatic potential charges to prenucleation cluster properties, were removed, while retaining
functional group descriptors, geometric features, and experimental parameters. This resulted in a
reduced input vector of length 14 (9 chemical features and 5 experimental features). In the second study,
all chemically derived features were replaced with a simple one-hot encoding of linker identity derived
from SMILES strings, while retaining the experimental parameters. This representation yields an input
vector of length 61 (56 linker identities and 5 experimental features). The results clearly demonstrate the
importance of incorporating physics-informed descriptors (Figure 4.19). The one-hot encoding
approach produces discovery curves that are statistically indistinguishable from random search,
indicating that such representations fail to capture transferable chemical information. Removing only
the quantum mechanical-derived features leads to modest improvement over random search but still
performs significantly worse than the full feature set.

These findings highlight that quantum mechanical-derived features provide critical information
for guiding discovery, particularly in capturing electronic and coordination properties that govern ZIF
formation. More broadly, they emphasize the importance of incorporating physically meaningful
descriptors in machine learning models for materials discovery, rather than relying solely on abstract or
identity-based representations.
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Figure 4.19. Impact of encoding strategies on AIRES discovery performance. The plot compares discovery rates between
RS and AIRES(RFC) using different chemical features. Solid lines represent the mean, and shaded areas represent the range
of £1 standard deviation (16 repetitions for RFC; 100 repetitions for RS). The reward (y-axis) indicates the number of
successful distinct discoveries, with a maximum possible reward of 10 (dashed red line).
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Chapter 5
Structure Determination and Topological Analysis of ZIF
Discovery

5.1 Introduction

The autonomous platform described in previous chapters enables the systematic discovery of
new reticular materials by integrating high-throughput experimentation, machine learning, and
rigorous structural characterization. Single crystal X-ray diffraction (SCXRD) provides definitive
determination of atomic structure, allowing newly synthesized materials to be unambiguously identified.
Based on these SCXRD-verified structures, crystals of zeolitic imidazolate frameworks (ZIFs),
characterized by tetrahedral metal-imidazolate connectivity, can be identified'. Despite this shared
structural motif, substantial diversity arises in how these tetrahedral building units are assembled*>.
Therefore, beyond confirming chemical identity, it is necessary to further analyze the commonalities
and differences among these structures in a way that transcends compositional variation and captures
their underlying architectural relationships.

This motivates the need for topological analysis as a complementary perspective for
understanding reticular materials, and it has become a standard practice for reporting new reticular
structures®™®. Beyond simple classification, it provides a powerful abstraction that enables comparison
across chemically diverse systems and offering insights into structure—property relationships. For

example, prior studies have demonstrated correlations between topology and mechanical properties®,

12,13

porosity'>"3, and other functional properties', highlighting topology as an important descriptor in

materials design.

Topological analysis involves simplifying a crystal structure into a graph representation that
captures only its connectivity”>~". In this abstraction for reticular structures, building blocks of higher
connectivity are treated as vertices, and linkers are treated as edges, yielding an underlying net, which is
mathematically defined as a periodic graph'®". This representation removes geometric and chemical
details while preserving the essential connectivity of the framework. Such simplification enables
mapping of experimentally determined structures onto known network topologies, typically referenced
using standardized identifiers from databases such as the Reticular Chemistry Structure Resource
(RCSR)*. Importantly, different structures with distinct geometries may share the same underlying net,

Parts of this chapter have been adapted from:

Rong, Z.; Chen, Z.; Luong, F.; Chheda, S.; Luong, H. T. N.; Zheng, Z.; Greco, K.; Alghamdi, A. A.; Bui, K. H.; Jaftrelot
Inizan, T.; Nguyen-Dang, T; Pham, H. H.; Le, D. D.; Sauer, J.; Phung, V. B. T ; Chayes, J. T ; Borgs, C.; Boley, M.; El Ghaoui,
L.; Yaghi, O. M. Algorithmic Iterative Reticular Synthesis of Zeolitic Imidazolate Framework Crystals. Nat. Synth. 2025, 5
(3), 409-419.
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while conversely, identical building blocks may assemble into different nets, reflecting the intrinsic
complexity of reticular synthesis*.

In addition to underlying nets, natural tiling provides a complementary description of
framework topology. Natural tiling partitions the structure into space-filling polyhedral units that
reflect the local environment around nodes and the organization of pores**. While the underlying net
captures connectivity, natural tiling offers a geometric perspective that is closely related to pore
architecture and spatial arrangement. Together, these two representations provide a comprehensive
description of reticular structures from both connectivity and geometric viewpoints.

In this chapter, the single crystal structures obtained from the autonomous platform applied
onto ZIF discovery are presented, followed by topological analysis. These include both ZIFs and other
extended crystalline structures, which are termed as layered-ZIFs (LZIFs) due to their two-dimensional
structures, identified through SCXRD. The underlying nets and tiles of these structures are determined
and discussed, providing insight into how different connectivity patterns emerge from similar or
competing building units. This analysis not only highlights the structural diversity uncovered by the
autonomous discovery process but also situates both ZIF and non-ZIF frameworks within the broader
landscape of reticular chemistry.

5.2 Crystal Structures of ZIFs and LZIFs

X-ray diffraction data were collected either using a Bruker D8 Venture diffractometer or at
beamline 12.2.1 of the Advanced Light Source. The Bruker diffractometer was equipped with dual
radiation sources, Cu (1 = 1.54178 A) and Mo (1 = 0.71073 A), while the ALS beamline, utilizing a Si
(111) monochromator, provided radiation at 1 = 0.7288 A. In both cases, data were recorded using
PHOTON-II CMOS detectors. Crystals were mounted on Kapton® MiTeGen MicroMount™ loops
with a minimal amount of Paratone®N oil and maintained under a cold nitrogen gas stream generated
by an Oxford Cryosystems 800 Series during data collection. Diffraction data were processed using the
Bruker APEX4 software suite*, with SAINT* used for data integration and SADABS** applied for
absorption correction. Structures were solved by either intrinsic phasing using SHELXT? or direct
methods using SHELXS?, followed by full-matrix least-squares refinement on F* using SHELXL?.
Structure solution, refinement, and visualization were carried out within the Olex2 software®. For
structures exhibiting significant disorder from solvent molecules residing in framework pores, solvent
masking was applied using the Bypass method implemented in Olex2 to account for residual electron
density®.
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Refinement details of ZIF-A1. The entire dataset was cut to a resolution of 0.80 A, resulting
in an I/ value of 69.7, an Ri values of 3.98%, and a completeness of 99.8%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (/s = Zeac)/a > 10 were excluded. The weight parameters  and &
converged to 0.183 and 0, respectively.
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Figure 5.1. Asymmetric unit of the crystal structure of ZIF-A1. Ellipsoids are plotted with 50% probability. Color code: C,
grey; N, blue; H, white; Zn, deep blue. CCDC reference number: 2411199.

Figure 5.2. Representative optical image of ZIF-A1 crystallized from 2cyIM. This image was obtained from a reaction whose
conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 1.00, and a temperature of 70 °C. Yellow
scale bar 100 pum.
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Table 5.1. Crystal data and structure refinement for ZIF-A1l.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/°

Br

vZa

Volume/A3

Z

P (g/cm?)

i (o)

F000)

Crystal size/mm?
Radiation

28 range for data collection/*
Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/ 22 o (])]
Final R indexes [all data]
Largest diff. peak/hole / e A

Flack parameter

CsHiN¢Zn

249.54

100

cubic

1-43m

16.96440(10)
16.96440(10)
16.96440(10)

920

920

90

4882.20(9)

12

1.018

1.979

1488.0

0.1 x0.1x0.1

CuK, (4 =1.54178)

7.37 to 149.142
20<5h<16,-18<k<19,-19</<18
13548

946 [Rine = 0.0398, Riigma = 0.0143]
946/0/39

1.176

R, =0.0821, wR,=0.2221
R;1=0.0837, wR,=0.2254
1.44 /-0.54

0.035(19)
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Refinement details of ZIF-A2. The entire dataset was cut to a resolution of 0.86 A, resulting
in an I/ value of 74.8, an Ri values of 2.17%, and a completeness of 99.7%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (s — Zeac)/o> 10 were excluded. A pore volume of 1928 A® containing
81 electrons per unit cell was revealed after applying solvent masks. The positional disorder between the
methyl and nitro groups was resolved by setting each group’s occupancy to 0.5. The weight parameters
a and b converged to 0.065 and 13.2, respectively.

Figure 5.3. Asymmetric unit of the crystal structure of ZIF-A2. Ellipsoids are plotted with 50% probability. Color code: C,
grey; N, blue; O, red; H, white; Zn, deep blue. CCDC reference number: 2411197.
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Figure 5.4. Representative optical image of ZIF-A1 crystallized from 2cyIM. This image was obtained from a reaction whose

conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 1.00, and a temperature of 70 °C. Yellow

scale bar 100 pum.

Table 5.2. Crystal data and structure refinement for ZIF-A2

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

al°

B8r

v

Volume/A3

Z

Palc (g/cm?)

p (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/ 22 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

CsHsN¢O.Zn

317.57

100.00

trigonal

R-3m

22.9854(3)

22.9854(3)

15.4842(3)

20

20

120

7084.7(2)

18

1.340

2.355

2880.0

0.05 x 0.05 x 0.05

CuK, (1=1.54178)
7.232t0 128.028
25<h<25,-265k<22,-17<[<16
9480

1428 [Rine = 0.0217, Rigme = 0.0134]
1428/47/127

1.170

R1=0.0387, wR,=0.1204
R =0.0408, wR>=0.1226
0.32/-0.26
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Refinement details of ZIF-A3. The entire dataset was cut to a resolution of 0.86 A, resulting
in an I/ value of 52.3, an Ri values of 4.20%, and a completeness of 99.9%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zobs — Jeae)/o > 10 were excluded. Two distinct pore types were revealed
after applying solvent masks: one pore with a volume of 177.4 A3 containing 80.7 electrons, and another
with avolume 0f 107.8 A3 containing 33 electrons. Two types of disorder were identified in the structure.
The first involves the benzene ring position, where the occupancies of both configurations were set at
0.5. The second relates to the flipping of fluorine atom positions. F1’s occupancy was fixed at 0.5 due
to its mirror plane symmetry relationship. For F3, its position is shared between two 6fbIM linkers when
the asymmetric unit is grown, leading to the constraint: Occupancy(F2) + 0.5 x Occupancy(F3) = 0.5.
Refinement yielded occupancies of 0.476(6) and 0.047(12) for F2 and F3, respectively. The weight
parameters « and & converged to 0.052 and 70.5, respectively.
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Figure 5.5. Asymmetric unit of the crystal structure of ZIF-A3. Ellipsoids are plotted with 50% probability. Color code: C,
grey; N, blue; H, white; Zn, deep blue; F, lime green. CCDC reference number: 2411200.
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Figure 5.6. Representative optical image of ZIF-A3 crystallized from 6fbIM. This image was obtained from a reaction whose

conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 0.00, and a temperature of 70 °C. Yellow

scale bar 100 pm.

Table 5.3. Crystal data and structure refinement for ZIF-A3.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

al°

B/

v

Volume/A3

Z

p_calc (g/cm?)

¢ (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F*
Final R indexes [/2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A%)

CuHsF.NZn

335.61

100.00

trigonal

R-3m

22.8041(2)

22.8041(2)

16.0117(3)

20

20

120

7210.97(19)

18

1.391

1.549

3024.0

0.04 x 0.04 x 0.03

Mo K, (4 =0.71073)
4.846 t0 48.616
26<h<26,-26<k<26,-18</<18
16432

1426 [Rine = 0.0420, Rgm.= 0.0191]
1426/38/132

1.149

R;=0.0506, wR,=0.1335
R =0.0540, wR> = 0.1356
0.58 /-0.65
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Refinement details of ZIF-A4. The entire dataset was cut to a resolution of 0.86 A, resulting
in an I/ value of 99.0, an Ri, values of 4.74%, and a completeness of 99.8%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zobs = Zeac)/a > 10 were excluded. The weight parameters 2 and & were
refined to 0.076 and 37.2, respectively.

dc
)H

Qv

OZn

Figure 5.7. Asymmetric unit of the crystal structure of ZIF-A4. Ellipsoids are plotted with 50% probability. Color code: C,
grey; N, blue; H, white; Zn, deep blue. CCDC reference number: 2411198.
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Figure 5.8. Representative optical image of ZIF-A4 crystallized from 2pIM. This image was obtained from a reaction whose
conditions were: a total concentration of 0.40 mol/L, a log linker-to-metal ratio of 0.50, and a temperature of 100 °C. Yellow

scale bar 100 pm.

Table 5.4. Crystal data and structure refinement for ZIF-A4.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/°

Br

a

Volume/A3

Z

Peic (g/cm’)

 (mm)

F000)

Crystal size/mm®
Radiation

28 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/ 2 2 o (/)]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

CiHisNiZn

283.67

100.00

cubic

Ia-3d

26.4649(2)

26.4649(2)

26.4649(2)

920

90

920

18535.8(4)

48

1.220

1.576

7104.0

0.1 x0.1x0.1

Mo K. (1 = 0.71073)
4.354 to 49.006
30<h<30,-30<£<30,-305/<30
59631

1301 [Rine = 0.0474, Rujgns = 0.0101]
1301/0/79

1.120

R, =0.0322, wR, =0.1150
R1=0.0371, wR,=0.1204
0.76 / -0.35
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Refinement details of ZIF-AS. The entire dataset was cut to a resolution of 0.90 A, resulting
in an I/ value of 24.1, an Ri, values of 9.55%, and a completeness of 99.7%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zobs — Zeatc)/o> 10 were excluded. Two identical pores per unit cell, each
with a volume of 248 A3 and containing 56 electrons, were revealed after applying solvent masks. The
positional disorder of the bromine atom was resolved by setting the occupancies of Brl and Br2 to 0.5.
Interestingly, Br3 doesn’t show positional disorder. The weight parameters 2 and & converged to 0.079
and 91.5, respectively.

Figure 5.9. Asymmetric unit of the crystal structure of ZIF-AS. Ellipsoids are plotted with 50% probability. Color code: C,
grey; N, blue; H, white; Zn, deep blue; Br, orange. CCDC reference number: 2411067.

80



Figure 5.10. Representative optical image of ZIF-AS crystallized from SBrIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 0.50, and a temperature of 130 °C.

Yellow scale bar 100 pm.

Table 5.5. Crystal data and structure refinement for ZIF-AS.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/®

B/

v

Volume/A3

Z

Palc (g/cm?)

¢ (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

C¢HBr,N.Zn

357.32

100

orthorhombic

Pnnm

9.6668(9)

15.7456(13)

15.7888(15)

90

20

920

2403.2(4)

8

1.975

9.210

1344.0

0.03 x 0.015 x 0.015

Synchrotron (4 = 0.7288)

3.746 to 48.028

-10<Hh<10,-17<k<17,-17<[<17

22010

1824 [Rine = 0.0955, Rijgma = 0.0414]

1824/41/132

1.091

Ry =0.1268, wR,=0.2929
1=0.1461, wR, = 0.3035

0.85/-0.94

81



Refinement details of ZIF-A6. The entire dataset was cut to a resolution of 0.90 A, resulting
in an //7 value of 16.3, an R, values of 14.35%, and a completeness of 99.7%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zobs — Zeac)/o > 10 were excluded. The structure exhibits two types of
disorder: orientational disorder of the imidazolate rings and positional disorder of the bromine atoms.
The three SBrIM ligands coordinated to Zn show positional disorder, with each configuration modeled
at 0.5 occupancy. The bromine atoms display positional disorder through ring flipping. Br3 was
modeled with 0.5 occupancy due to this flipping motion. While Br1 and Br2 also undergo flipping, they
are each shared between two disordered imidazolate rings. As a result, despite the ring flipping, their
effective occupancies remain at 0.5 (calculated as 0.5 x 2 rings + 2 positions). Two types of pores were
revealed after applying solvent masks. The first one has a volume of 969.7 A3 containing 306 electrons,
while the second one has a volume of 114.2 A3 containing 44 electrons. The weight parameters 2 and &
converged to 0.163 and 3.29, respectively.

Figure 5.11. Asymmetric unit of the crystal structure of ZIF-A6. Ellipsoids are plotted with 50% probability. Color code:
C, grey; N, blue; H, white; Zn, deep blue; Br, orange. CCDC reference number: 2411068.
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Figure 5.12. Representative optical image of ZIF-A6 crystallized from SBrIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.40 mol/L, a log linker-to-metal ratio of 0.00, and a temperature of 100 °C.

Yellow scale bar 1 mm

Table 5.6. Crystal data and structure refinement for ZIF-A6.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/®

B/

v

Volume/A3

Z

Palc(g/cm?’)

¢ (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F*
Final R indexes [/2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

C¢HBr,N.Zn

357.32

100

tetragonal

P4/mmm

14.095(2)

14.095(2)

14.829(3)

920

920

920

2946.0(10)

8

1.611

7.513

1344.0

0.08 x 0.02 x 0.01
Synchrotron (4 = 0.7288)
4.088 to 47.976
-15<h<15,-15<k<15,-16</<16
40465

1301 [Rine = 0.1435, Rygma = 0.0612]
1301/17/116

1.077

R, =0.0804, wR,=0.2373
R, =0.0990, wR,=0.2601
1.28 /-0.94
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Refinement details of ZIF-A7. The entire dataset was cut to a resolution of 0.82 A, resulting
in an I/ value of 62.5, an Ri values of 5.99%, and a completeness of 99.8%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zus — Zac)/o> 10 were excluded. A pore volume of 2082.5 A® containing
437 electrons per unit cell was revealed after applying solvent masks. The cyano group disorder was
modeled as follows: C8/N7 were assigned occupancies of 0.5 due to mirror symmetry. The C4/N5 and
C5/N6 occupancies were freely refined to 0.586(9) and 0.414(9), respectively. Since N6 is shared
between two disordered cyano group configurations, its occupancy is 0.414(9) x 2 = 0.827(18). The
weight parameters 2 and & converged to 0.149 and 8.93, respectively.

C3s

N1s

Cc2s

Figure 5.13. Asymmetric unit of the crystal structure of ZIF-A7. Ellipsoids are plotted with 50% probability. Color code:
C, grey; N, blue; O, red; H, white; Zn, deep blue. CCDC reference number: 2411070.

number: 2411070.
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Figure 5.14. Representative optical image of ZIF-A7 crystallized from 4cyIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 1.00, and a temperature of 70 °C.

Yellow scale bar 100 pm.

Table 5.7. Crystal data and structure refinement for ZIF-A7.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/®

B/

v

Volume/A3

Z

Palc (g/cm?)

¢ (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F*
Final R indexes [/2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

CsHiNeZn-0.25(C;NO)
266.05

100

tetragonal

P4,/mnm

19.2055(16)

19.2055(16)

16.9062(19)

920

920

920

6235.9(13)

16

1.134

1.662

2116.0

0.17 x 0.08 x 0.08
Synchrotron (4 = 0.7288)
3.076 to 52.488
23<p<23,-23<k<23,-19</<20
107971

3148 [Rine = 0.0599, Ryigma = 0.0160]
3148/60/190

1.141

Ry =0.0673, wR,=0.2178
R, =0.0777, wR, = 0.2323
0.98 /-0.96
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Refinement details of ZIF-A8. The entire dataset was cut to a resolution of 1.30 A, resulting
in an I/ value of 31.9, an Ri values of 7.87%, and a completeness of 99.6%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zus — Zeac)/o > 10 were excluded. A pore volume of 10050.3 A’
containing 2029 electrons per unit cell was revealed after applying solvent masks. The positional
disorder between the methyl group and the bromine atom was resolved by setting each group’s
occupancy to 0.5. The weight parameters « and & converged to 0.131 and 16.0, respectively.

Figure 5.15. Asymmetric unit of the crystal structure of ZIF-A8. Ellipsoids are plotted with 50% probability. Color code:
C, grey; N, blue; H, white; Zn, deep blue; Br, orange. Atomic labels are omitted due to the crowded atomic arrangement.
CCDC reference number: 2411069.
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Figure 5.16. Representative optical image of ZIF-A8 crystallized from 4mS5BrIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.40 mol/L, a log linker-to-metal ratio of 0.00, and a temperature of 100 °C.

Yellow scale bar 100 pm.

Table 5.8. Crystal data and structure refinement for ZIF-A8.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/®

B/

v

Volume/A3

Z

Palc (g/cm?)

¢ (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F*
Final R indexes [/2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

CsH;sBr,NiZn

385.37

100.00

cubic

Pm-3m

28.3885(12)

28.3885(12)

28.3885(12)

90

20

920

22878(3)

48

1.343

5.810

8832.0

0.04 x 0.04 x 0.04
Synchrotron (4 = 0.7288)
2.942 t0 32.596
21<h<21,-21<k<21,-21</[<21
86762

1146 [Rine = 0.0787, Rgna = 0.0313]
1146/33/152

1.058

R, =0.0506, wR, = 0.1748
R, =0.0650, wR, = 0.1968
0.22/-0.14
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Refinement details of ZIF-A9. The entire dataset was cut to a resolution of 1.49 A, resulting
in an [/ value of 18.3, an R, values of 17.87%, and a completeness of 98.8%. Initial solution of
SHELXS Direct Methods gave the positions of zinc atoms and nitrogen atoms, as they are less disordered
in the structure. The benzimidazole cores and methoxy groups were then constructed by adding
geometric constraints. Due to the poor data quality, heavy atoms excluding zinc were refined
isotropically, while hydrogen atoms were placed on the calculated positions. Bad reflections with (Zous —
Leac)/o> 10 were excluded. SIMU was applied on to the atoms on the linkers to stabilize the refinement.
While extensive disorder in the benzimidazole cores and methoxy groups prevented complete
refinement convergence, the overall framework structure is well-defined. Solvent masks revealed a pore
volume of 22374.0 A3 containing 8768 electrons per unit cell. The structure is an inversion twin.
Therefore, the twinlaw [-1,0, 0,0, -1, 0, 0, 0, -1] was applied, resulting in a refined BASF value of 0.51(5).

dc

Figure 5.17. Asymmetric unit of the crystal structure of ZIF-A9. Ellipsoids are plotted with 15% probability. Color code:
C, grey; N, blue; O, red; H, white; Zn, deep blue. Atomic labels are omitted due to the crowded atomic arrangement. CCDC
reference number: 2411079.
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Figure 5.18. Representative optical image of ZIF-A9 crystallized from 6mhbIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.40 mol/L, a log linker-to-metal ratio of 0.75, and a temperature of 130 °C.

Yellow scale bar 1 mm.

Table 5.9. Crystal data and structure refinement for ZIF-A9.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

a/A

b/A

o/ A

a/°

B

Y/

Volume/A3

Z

Pl (g/cm?)

& (mm)

F000)

Crystal size/mm®
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/ 2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

Flack parameter

CieHiN.O»Zn

359.68

100

tetragonal

P452,2

29.235(5)

29.235(5)

68.891(16)

90

90

920

58879(23)

104

1.055

1.163

19136.0

0.05 x 0.05 x 0.03
Synchrotron (4 = 0.7288)
1.552 to0 28.24
-19<h<19,-19<k<19,-46<[< 46
172886

9156 [Rine = 0.1787, Ryigma = 0.0547]
9156/694/1019

1.440

R, =0.1098, wR, = 0.2997
Ry =0.1324, wR, = 0.3285
0.43/-0.41

0.51(5)
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Refinement details of ZIF-A10. The entire dataset was cut to a resolution of 1.50 A, resulting
in an //7 value of 16.5, an R, values of 13.42%, and a completeness of 99.7%. Initial solution of
SHELXS Direct Methods gave the positions of zinc atoms and nitrogen atoms, as they are less disordered
in the structure. The benzimidazole cores were then constructed by adding geometric constraints.
Anisotropic refinement was performed on all non-hydrogen atoms, while hydrogen atoms were placed
on the calculated positions. Bad reflections with (Zops — Zeac)/o > 10 were excluded. SIMU was applied
on to the atoms on the linkers to stabilize the refinement. Disordered bromine atoms were resolved based
on difference map. A pore volume of 12585.8 A3 containing 3750 electrons per unit cell was revealed
after applying solvent masks. The weight parameters a and b converged to 0.200 and 0, respectively.

Figure 5.19. Asymmetric unit of the crystal structure of ZIF-A10. Ellipsoids are plotted with 15% probability. Color code:
C, grey; N, blue; H, white; Zn, deep blue; Br, orange. Atomic labels are omitted due to the crowded atomic arrangement.
CCDC reference number: 2411078.
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Figure 5.20. Representative optical image of ZIF-A10 crystallized from SBrbIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 1.00, and a temperature of 130 °C.

Yellow scale bar 100 pm.

Table 5.10. Crystal data and structure refinement for ZIF-A10.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/°

B

Y/

Volume/A3

Z

Pl (g/cm?)

& (mm)

F000)

Crystal size/mm~?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/2>2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

C1sHsBroNiZn

457.43

100

tetragonal

P4,/ncm

30.099(5)

30.099(5)

34.042(8)

920

90

20

30841(13)

52

1.281

4.682

11440.0

0.05 x 0.05 x 0.02
Synchrotron (4 = 0.7288)
2.314 to 28.144
20<5h<20,-20<54£<20,-22<5[<22
79220

2532 [Rine = 0.1342, Ryigma = 0.0605]
2532/680/558

3.188

R, =0.2646, wR, = 0.5945
R1=0.2897, wR,=0.6278
1.62/-0.84
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Refinement details of ZIF-A11. The entire dataset was cut to a resolution of 1.27 A, resulting
in an /g value of 30.6, an Rix. values of 5.11%, and a completeness of 99.9%. Initial solution of SHELXS
Direct Methods gave the positions of zinc atoms and nitrogen atoms, as they are less disordered in the
structure. The benzimidazole cores and methyl groups were then constructed by adding geometric
constraints. Due to the poor data quality, heavy atoms excluding zinc were refined isotropically, while
hydrogen atoms were placed on the calculated positions. Bad reflections with (Zobs — fcac)/o > 10 were
excluded. SIMU was applied on to the atoms on the linkers to stabilize the refinement. While extensive
disorder in the benzimidazole cores and methyl groups prevented complete refinement convergence, the
overall framework structure is well-defined. Solvent masks revealed a pore volume of 27664.0 A3
containing 5474 electrons per unit cell. The structure is an inversion twin. Therefore, the twin law [-1,
0,0,0,-1,0,0,0, -1] was applied, resulting in a refined BASF value of 0.45(8).

Figure 5.21. Asymmetric unit of the crystal structure of ZIF-A11. Ellipsoids are plotted with 15% probability. Color code:
C, grey; N, blue; H, white; Zn, deep blue. Atomic labels are omitted due to the crowded atomic arrangement. CCDC
reference number: 2411080.
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Figure 5.22. Representative optical image of ZIF-A11 crystallized from 6mbIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.40 mol/L, a log linker-to-metal ratio of 0.75, and a temperature of 130 °C.

Yellow scale bar 100 pm.

Table 5.11. Crystal data and structure refinement for ZIF-A11.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/°

B

Y/

Volume/A3

Z

Pl (g/cm?)

& (mm)

F000)

Crystal size/mm®
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/2>2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

Flack parameter

CisH1sN.Zn

327.68

200.00

tetragonal

P4;2,2

29.5539(3)

29.5539(3)

70.0610(12)

920

90

20

61193.6(16)

104

0.925

1.433

17472.0

0.06 x 0.06 x 0.02

CuKoa (1 =1.54178)

3.912 to 74.742
23<ph<23,-23<k<22,-55</<50
100215

15629 [Rine= 0.0511, Rujgms = 0.0327]
15629/530/855

1.028

R;=0.0669, wR,=0.1832
R1=0.0740, wR, = 0.1902
0.30/-0.33

0.48(5)
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Refinement details of LZIF-A1. The entire dataset was cut to a resolution of 0.77 A, resulting
in an I/ value of 45.1, an Ri values of 3.55%, and a completeness of 99.6%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (/s = Zeac)/a > 10 were excluded. The weight parameters  and &
converged to 0.33 and 19.0, respectively.

Figure 5.23. Asymmetric unit of the crystal structure of LZIF-A1. Ellipsoids are plotted with 50% probability. Color code:
C, grey; N, blue; O, red; H, white; Zn, deep blue; CI, green. Atomic labels are omitted due to the crowded atomic
arrangement. CCDC reference number: 2411239.
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Figure 5.24. Representative optical image of LZIF-A1 crystallized from 2cbIM. This image was obtained from a reaction
whose conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 0.25, and a temperature of 70 °C.

Yellow scale bar 100 pm.

Table 5.12. Crystal data and structure refinement for LZIF-A1.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/°

Br

a

Volume/A3

Z

peic(g/cm?)

 (mm)

F000)

Crystal size/mm®
Radiation

28 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/ 2 2 o (/)]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

Ca:H1sClN5O4Zn,-(CsH7No)
793.66

100

monoclinic

P2:/n

10.2127(9)

23.446(2)

12.8222(11)

920

92.915(3)

20

3066.2(5)

4

1.719

2.000

1608.0

0.07 x 0.05 x 0.02
Synchrotron (4 = 0.7288)
4,466 t0 56.432
-13<h<12,-30<£<29,-16<[<16
49352

6315 [Rine = 0.0355, Rugms = 0.0222]
6315/18/419

1.123

R, =0.0565, wR,=0.1317
R;1=0.0622, wR> = 0.1344
1.82/-0.82
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Refinement details of LZIF-A2. The entire dataset was cut to a resolution of 0.85 A, resulting
in an I/ value of 8.6, an Rix values of 10.67%, and a completeness of 99.8%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (/s = Zeac)/a > 10 were excluded. The weight parameters  and &
converged to 0.087 and 0, respectively.

Figure 5.25. Ellipsoids are plotted with 50% probability. Color code: C, grey; N, blue; O, red; H, white; Zn, deep blue.

Atomic labels are omitted due to the crowded atomic arrangement. CCDC reference number: 2411238.
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Figure 5.26. Representative optical image of LZIF-A2 crystallized from 2mbIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.40 mol/L, a log linker-to-metal ratio of 1.00, and a temperature of 100 °C.

Yellow scale bar 100 pm.

Table 5.13. Crystal data and structure refinement for LZIF-A2.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/®

B/

v

Volume/A3

Z

Palc(g/cm?’)

¢ (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F*
Final R indexes [/2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

CyHasNsO4Zn,
659.31

100

triclinic

P-1

10.0427(9)
10.4078(10)
14.8995(14)

676.0

0.03 x 0.01 x 0.01

Synchrotron (4 = 0.7288)

2.838t0 50.77
A11<h<11,-12<k<12,-17<[<17
15172

4647 [Rine = 0.1067, Rigna = 0.1164]
4647/3/375

0.979

R, =0.0549, wR, = 0.1435

R, =0.0840, wR,=0.1575
0.85/-0.94
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Refinement details of LZIF-A3. The entire dataset was cut to a resolution of 0.80 A, resulting
in an I/ value of 34.2, an Ri values of 4.12%, and a completeness of 96.4%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zobs — Zeac)/o > 10 were excluded. Four pores per unit cell, each with a
volume of 278.7 A3 and containing 79 electrons, were revealed after applying solvent masks. The
positional disorder of the fluorine atoms was resolved by setting the occupancies of F1 and F2to 0.5 due
to the mirror plane symmetry relationship, while refining the occupancies of F3 and F4 to 0.628(6) and
0.372(6), respectively. The weight parameters 2 and & converged to 0.066 and 11.1, respectively.

Figure 5.27. Asymmetric unit of the crystal structure of LZIF-A3. Ellipsoids are plotted with 50% probability. Color code:
C, grey; N, blue; H, white; Zn, deep blue; F, lime green. Atomic labels except fluorine are omitted due to the crowded atomic
arrangement. CCDC reference number: 2411236.
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Figure 5.28. Representative optical image of LZIF-A3 crystallized from 2m5fbIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 0.00, and a temperature of 130 °C.

Yellow scale bar 100 pm.

Table 5.14. Crystal data and structure refinement for LZIF-A3.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/®

B/

v

Volume/A3

Z

Palc (g/cm?)

¢ (mm)

F000)

Crystal size/mm?
Radiation

20 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F*
Final R indexes [/2 2 o (])]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

C19sH15F2N503Zn,-0.5(CsH,NO)
570.68

100

orthorhombic

Pnma

20.1801(4)

16.0267(4)

16.7307(3)

920

920

920

5411.1(2)

8

1.401

2.580

2320.0

0.1 x0.1x0.03

CuK, (1=1.54178)

6.862 to 149.002
23<p<21,-17<k<13,-20</<16
26886

5292 [Rine = 0.0412, Ryjgma = 0.0292]
5292/1/342

1.044

R;=0.0462, wR,=0.1235

R, =0.0613, wR,=0.1359

1.08 /-0.62
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Refinement details of LZIF-A 4. The entire dataset was cut to a resolution of 1.00 A, resulting
in an I/ value of 26.3, an Ri values of 7.37%, and a completeness of 99.7%. Anisotropic refinement
was performed on all non-hydrogen atoms, while hydrogen atoms were placed on the calculated
positions. Bad reflections with (Zobs — Zeac)/o > 10 were excluded. Four pores per unit cell, each with a
volume of 290.7 A3 and containing 78 electrons, were revealed after applying solvent masks. The
positional disorder of the chlorine atoms was resolved by setting the occupancies of Cl1 and CI2 to 0.5
due to the mirror plane symmetry relationship, while refining the occupancies of Cl3 and Cl4 to 0.737(5)
and 0.263(5), respectively. The weight parameters 2 and & converged to 0.078 and 14.4, respectively.

Figure 5.29. Asymmetric unit of the crystal structure of LZIF-A4. Ellipsoids are plotted with 50% probability. Color code:
C, grey; N, blue; O, red; H, white; Zn, deep blue; CI, green. Atomic labels except chlorine are omitted due to the crowded
atomic arrangement. CCDC reference number: 2411237.
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Figure 5.30. Representative optical image of LZIF-A4 crystallized from 2mScbIM. This image was obtained from a reaction

whose conditions were: a total concentration of 0.15 mol/L, a log linker-to-metal ratio of 0.00, and a temperature of 130 °C.

Yellow scale bar 100 pm.

Table 5.15. Crystal data and structure refinement for LZIF-A4.

Empirical formula
Formula weight
Temperature/K

Crystal system

Space group

alA

b/A

o/ A

a/°

Br

a

Volume/A3

Z

P (g/cm?)

 (mm)

F000)

Crystal size/mm®
Radiation

28 range (°)

Index ranges

Reflections collected
Independent reflections
Data/restraints/parameters
Goodness-of-fit on F?
Final R indexes [/ 2 2 o (/)]
Final R indexes [all data]
Largest diff. peak/hole (e A?)

C19sH15CIbNs03Zn2-0.5(CsH-NO)
603.58

150

orthorhombic

Pnma

21.4794(5)

16.1386(4)

16.6108(4)

90

920

920

5758.1(2)

8

1.392

4.020

2448.0

0.04 x 0.02 x 0.01

CuK, (1=1.54178)

6.726 t0 100.988
21<h<21,-16<k<16,-16<[<15
29065

3152 [Rine = 0.0737, Ryigma = 0.0380]
3152/2/342

1.057

R, =0.0483, wR,=0.1338

Ry =0.0568, wR,=0.1412

0.48 /-0.43
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5.3 Topologies of ZIFs and LZIFs

Topological analysis of the SCXRD-determined crystal structures was carried out using the
ToposPro software package®. The crystallographic information files (CIFs) obtained from SCXRD
refinement were first imported into ToposPro. From these structural models, the connectivity of the
framework was determined using the AutoCN module. This step constructs the adjacency matrix of the
structure by automatically identifying bonding interactions based on geometric and Voronoi-based
criteria. The resulting adjacency matrix defines the network of connections between atoms. The crystal
structures were then simplified into node—edge representations using the ADS module.

Topological descriptors of the resulting nets were then computed using the ADS routines.
These include coordination sequences, vertex symbols, and point symbols, which characterize the local
and global connectivity of the network. Among these, point symbols provide a concise description of
the ring environments surrounding each node, serving as a key identifier for distinguishing different
topologies. To assign the identified nets to known topological types, the computed descriptors were
compared against entries in the TopCryst database®, which contains a large collection of known
network topologies, including those from RCSR*, EPINET?, and other crystallographic repositories.
Matching the computed descriptors to database entries enables automated identification of known nets,
while unmatched cases indicate new topologies. In addition to the underlying net analysis, natural tiling
of the structures was determined using ToposPro. Natural tiling partitions the periodic network into
space-filling polyhedral units (tiles) that correspond to cages or cavities within the framework. The
visualization of natural tiling is achieved through the 3dt program?®.

Seven topologies were identified among the eleven ZIF structures, and two additional topologies
were identified for the four LZIF structures. Table 5.16 summarizes the topological descriptors of all
nine topologies, including point symbols, tiles, and transitivity. The corresponding tile representations
are also presented (Figures 5.31-5.38). Taken together, these results reveal clear correlations between
linker structure and framework topology.

The SOD and ANA topologies, represented by ZIF-A1 and ZIF-A4 and obtained from 2cyIM
and 2pIM, respectively, correspond to structures that were previously reported only under alkyl-alcohol
solvent systems®*?, in contrast to the DMF-based synthesis used here. Additional SOD structures, ZIF-
A2 and ZIF-A3, were obtained from 4mSnIM and 6fbIM. Comparison with linkers yielding other
topologies suggests that SOD favors imidazole-based linkers bearing small substituents at the 2-position,
as well as benzimidazole-based linkers bearing relatively small substituents at the 5 or 6 positions. When
the substituent at the 2-position becomes larger, the topology shifts from SOD to ANA, as illustrated
by 2pIM. Likewise, when the substituents at the S or 6-positions of benzimidazole-based linkers become
too extended, the resulting structures adopt the ykh topology, which is the only non-uninodal topology
observed in this set, suggesting that stronger steric hindrance lowers the structural symmetry and likely
introduces more complex assembly pathways involving a greater diversity of intermediate species.
Linkers with double substitution at the 4 and 5 positions of the imidazole ring can lead to either SOD
or RHO topologies, whereas linkers with a single substituent at the 4 or 5 position give rise to several
particularly interesting structures. Specifically, ZIF-AS, obtained from 5BrIM and adopting the crb
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topology, and ZIF-A7, obtained from 4cyIM and adopting the DFT topology, demonstrate that such
singly substituted linkers can access topologies that were previously realized only with unsubstituted
imidazole linkers, such as ZIF-1, ZIF-2, and ZIF-3%.

Table 5.16. Topological classification and descriptors of ZIF and LZIF structures.

Topology Compound Point symbol Tile Transitivity*
SOD ZIF-Al, ZIF-A2, [42.674] [476. 678] [1121]
ZIF-A3,
ANA ZIF-4 [442.672.872] 3[472.872] + [1132]
2[672.8"3]
crb ZIF-AS [4.6°5] 2[6°2.8%2] + [1343]
[4°2.674]
fes ZIF-A6 [474.872] [476] + [1342]
(double)* [478.8/2]
DFT ZIF-A7 [472.672.872] [472.672] + [1364]
[672.872] +
[472.874]
RHO ZIF-A8 [473.6"3] 3[4°8.872] + [1464]
[4712.6°8.876]
ykh ZIF-A9, ZIF-A10, 8[3.4°2.5.6.7]+  2[3/2.4.12°2] + [1326 18 5]
ZIF-A11 4[3.472.5°2.7] +  [474.1272.1472] +
[474.672] [374.478.1072.1472]
hcb LZIF-A1,LZIF-A2  [6"3] / (111]
fes LZIF-A3, LZIF-A4  [4.8"2] / [122]

All the identified ZIF topologies are three-dimensional except for the fes (double) topology
observed for ZIF-A6. While there are previously reported structures exhibiting a single atomic layer built
from tetrahedral units®, ZIF-A6 shows a new double-thick-layer arrangement in which two layers of
metal nodes are covalently bridged by SBrIM, representing a previously unreported structural motif in
ZIF chemistry. In this sense, it occupies an intermediate position between a conventional 2D and 3D
framework. Because the standard definition of natural tiling is not directly applicable to this double-
layer arrangement, only a single layer was considered for the tiling representation. The stacking of these
layers is expected to involve halogen-halogen interactions associated with the bromo substituents™®.

In contrast, the LZIF structures are all two-dimensional. in these structures, the zinc centers are
coordinated not only by the bidentate imidazolate-derived linker but also by solvent molecules or
monodentate anions. In LZIF-A1, derived from 2cbIM, and LZIF-A2, derived from 2mbIM, DMF and
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nitrate compete for coordination sites. In LZIF-A3, derived from 2m5fbIM, and LZIF-A4, derived from
2mScbIM, the competing ligand is dimethylcarbamate, which forms through oxidation of DMF. Their
point symbols therefore involve only three circuits.

A deeper understanding of how linker structure and reaction conditions determine topology
will require more advanced modeling of both thermodynamics and kinetics during nucleation. It will
be necessary to determine which species dominate under given conditions, what conformations these
species preferentially adopt, and how those conformations evolve into the final network topology.

O,N H F H
» )
N N
4m5nIM 6fbIM

“ "

t‘\ '4

o,. "G

e,
\\9 (P

ZIF-A1 ZIF-A2 ZIF-A3

ZIF-A4

Figure 5.32. Tile representation of ANA topology and the corresponding ZIF structure (ZIF-A4).
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fes (double)

Figure 5.33. Tile representation of crb and fes(double) topology and their corresponding ZIF structures (ZIF-AS5 and ZIF-
AG, respectively).

ZIF-A7

Figure 5.34. Tile representation of DFT topology and the corresponding ZIF structure (ZIF-A7).
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Figure 5.35. Tile representation of RHO topology and the corresponding ZIF structure (ZIF-AS).

ZIF-A10 ZIF-A11

Figure 5.36. Tile representation of ykh topology and the corresponding ZIF structures (ZIF-A9, ZIF-A10, and ZIF-A11).
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LZIF-A1

Figure 5.37. Tile representation of hcb topology and the corresponding LZIF structures (LZIF-Al and LZIF-A2).
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Figure 5.38. Tile representation of fes topology and the corresponding LZIF structures (LZIF-A3 and LZIF-A4).

107



5.4 References

(1) Park, K. S.; Ni, Z.; Coté, A. P.; Choi, J. Y.; Huang, R.; Uribe-Romo, F. J.; Chae, H. K.; O’Keeffe,
M.; Yaghi, O. M. Exceptional Chemical and Thermal Stability of Zeolitic Imidazolate Frameworks. Proc.
Natl. Acad. Sci. 2006, 103 (27), 10186-10191.

(2) Phan, A.; Doonan, C. J.; Uribe-Romo, F. J.; Knobler, C. B.; O’Keefte, M.; Yaghi, O. M. Synthesis,
Structure, and Carbon Dioxide Capture Properties of Zeolitic Imidazolate Frameworks. Acc. Chem. Res.
2010, 43 (1), 58-67.

(3) Noh, K.; Lee, J.; Kim, J. Compositions and Structures of Zeolitic Imidazolate Frameworks. Is7. /.
Chem. 2018, 58 (9-10), 1075-1088.

(4) Wang, H.; Pei, X.; Kalmutzki, M. ].; Yang, J.; Yaghi, O. M. Large Cages of Zeolitic Imidazolate
Frameworks. Acc. Chem. Res. 2022, 55 (5), 707-721.

(5) Zheng, Z.; Rong, Z.; Nguyen, H. L.; Yaghi, O. M. Structural Chemistry of Zeolitic Imidazolate
Frameworks. Inorg. Chem. 2023, 62 (51), 20861-20873.

(6) Gropp, C.; Canossa, S.; Wuttke, S.; Gdndara, F; Li, Q.; Gagliardi, L.; Yaghi, O. M. Standard
Practices of Reticular Chemistry. ACS Cent. Sci. 2020, 6 (8), 1255-1273.

(7) Glasby, L. T.; Cordiner, J. L.; Cole, J. C.; Moghadam, P. Z. Topological Characterization of
Metal-Organic Frameworks: A Perspective. Chem. Mater. 2024, 36 (19), 9013-9030.

(8) Guo, Z.; Zhang, Z.; Sun, ]J. Topological Analysis and Structural Determination of 3D Covalent
Organic Frameworks. Adv. Mater. 2024, 36 (19), 2312889.

(9) Tan, J. C.; Bennett, T. D.; Cheetham, A. K. Chemical Structure, Network Topology, and
Porosity Effects on the Mechanical Properties of Zeolitic Imidazolate Frameworks. Proc. Natl. Acad. Sci.
2010, 107 (22), 9938-9943.

(10)  Evans, J. D; Coudert, F.-X. Predicting the Mechanical Properties of Zeolite Frameworks by
Machine Learning. Chem. Mater. 2017, 29 (18), 7833-7839.

(11)  Bryant, M. J.; Maloney, A. G. P.; Sykes, R. A. Predicting Mechanical Properties of Crystalline
Materials through Topological Analysis. CrystEngComm 2018, 20 (19), 2698-2704.

(12)  Wang, H,; Dong, X.; Lin, J.; Teat, S. J.; Jensen, S.; Cure, J.; Alexandrov, E. V.; Xia, Q.; Tan, K ;
Wang, Q.; Olson, D. H.; Proserpio, D. M.; Chabal, Y. J.; Thonhauser, T.; Sun, J.; Han, Y; Li, J.
Topologically Guided Tuning of Zr-MOF Pore Structures for Highly Selective Separation of C6 Alkane
Isomers. Nat. Commun. 2018, 9 (1), 1745.

(13)  Shevchenko, A. P.; Alexandrov, E. V.; Golov, A. A.; Blatova, O. A.; Duyunova, A. S.; Blatov, V.
A. Topology versus Porosity: What Can Reticular Chemistry Tell Us about Free Space in Metal—-Organic
Frameworks? Chem. Commun. 2020, 56 (67), 9616-9619.

(14)  Chen, Y.;; Hu, W; Li, X.; Wang, C.; Yang, W. Machine Learning Prediction of Transition-State
Energies in Small-Pore Zeolites Combining Acidity and Topology Descriptors. /. Phys. Chem. C 2024,
128(9), 3770-3779.

108



(15)  Wells, A. F. Three-Dimensional Nets and Polybedra; Wiley monographs in crystallography;
Wiley: New York, 1977.

(16)  Delgado-Friedrichs, O.; O’Keeffe, M. Identification of and Symmetry Computation for Crystal
Nets. Acta Crystallogr. A 2003, 59 (4), 351-360.

(17)  O’Keeffe, M.; Hyde, B. G. Crystal Structures: Patterns and Symmetry, Dover edition.; Dover
Publications, Inc: Mineola, New York, 2020.

(18)  Ockwig, N. W.; Delgado-Friedrichs, O.; O’Keeffe, M.; Yaghi, O. M. Reticular Chemistry:
Occurrence and Taxonomy of Nets and Grammar for the Design of Frameworks. Acc. Chem. Res. 2005,
38(3), 176-182.

(19) O’Keeffe, M.; Yaghi, O. M. Deconstructing the Crystal Structures of Metal-Organic
Frameworks and Related Materials into Their Underlying Nets. Chem. Rev. 2012, 112 (2), 675-702.
(20)  O’Keeffe, M.; Peskov, M. A.; Ramsden, S. J.; Yaghi, O. M. The Reticular Chemistry Structure
Resource (RCSR) Database of, and Symbols for, Crystal Nets. Acc. Chem. Res. 2008, 41 (12), 1782-
1789.

(21)  Kalmutzki, M. J.; Hanikel, N.; Yaghi, O. M. Secondary Building Units as the Turning Point in
the Development of the Reticular Chemistry of MOFs. Scz. Adv. 2018, 4 (10), eaat9180.

(22)  Friedrichs, O. D.; Dress, A. W. M.; Huson, D. H.; Klinowski, J.; Mackay, A. L. Systematic
Enumeration of Crystalline Networks. Nature 1999, 400 (6745), 644—647.

(23)  Blatov, V. A; Delgado-Friedrichs, O.; O’Keeffe, M.; Proserpio, D. M. Three-Periodic Nets and
Tilings: Natural Tilings for Nets. Acta Crystallogr. A 2007, 63 (5), 418-425.

(24)  Bruker AXS Inc. APEX4, 2021.

(25)  Bruker AXS Inc. SAINT, 2020.

(26)  Bruker AXS Inc. SADABS, 2016.

(27)  Sheldrick, G. M. SHELXT - Integrated Space-Group and Crystal-Structure Determination. Acta
Crystallogr. Sect. Found. Adv. 2015, 71 (1), 3-8.

(28)  Sheldrick, G. M. A Short History of SHELX. Acta Crystallogr. A 2008, 64 (1), 112-122.

(29)  Sheldrick, G. M. Crystal Structure Refinement with SHELXL. Acta Crystallogr. Sect. C Struct.
Chem. 2015, 71 (1), 3-8.

(30)  Dolomanov, O. V.; Bourhis, L. J.; Gildea, R. J.; Howard, J. A. K.; Puschmann, H. OLEX2: A
Complete Structure Solution, Refinement and Analysis Program. . Appl. Crystallogr. 2009, 42(2), 339
341.

(31)  Van Der Sluis, P.; Spek, A. L. BYPASS: An Effective Method for the Refinement of Crystal
Structures Containing Disordered Solvent Regions. Acta Crystallogr. A 1990, 46 (3), 194-201.

(32)  Blatov, V. A,; Shevchenko, A. P.; Proserpio, D. M. Applied Topological Analysis of Crystal
Structures with the Program Package ToposPro. Cryst. Growth Des. 2014, 14 (7), 3576-3586.

109



(33)  Shevchenko, A. P.; Shabalin, A. A.; Karpukhin, I. Yu.; Blatov, V. A. Topological Representations
of Crystal Structures: Generation, Analysis and Implementation in the TopCryst System. Sci. Technol.
Adv. Mater. Methods 2022, 2 (1), 250-265.

(34) Ramsden, S. J; Robins, V.; Hyde, S. T. Three-Dimensional Euclidean Nets from Two-
Dimensional Hyperbolic Tilings: Kaleidoscopic Examples. Acta Crystallogr. A 2009, 65 (2), 81-108.
(35)  Delgado-Friedrichs, O. The Gavrog Project. http://www.gavrog.org/.

(36) Li, K; Olson, D. H.; Seidel, J.; Emge, T. J.; Gong, H.; Zeng, H.; Li, J. Zeolitic Imidazolate
Frameworks for Kinetic Separation of Propane and Propene. /. Am. Chem. Soc. 2009, 131 (30), 10368—
10369.

(37)  Tian, Y. Yao,S.; Gu, D.; Cui, K;; Guo, D.; Zhang, G.; Chen, Z.; Zhao, D. Cadmium Imidazolate
Frameworks with Polymorphism, High Thermal Stability, and a Large Surface Area. Chem. — Eur. J.
2010, 16 (4), 1137-1141.

(38)  Yang, Q.-F; Cui, X.-B;; Yu, J.-H.; Lu, J.; Yu, X.-Y.; Zhang, X.; Xu, J.-Q.; Hou, Q.; Wang, T.-G.
A Series of Metal-Organic Complexes Constructed from in Situ Generated Organic Amines.
CrystEngComm 2008, 10 (11), 1534.

(39) Cavallo, G.; Metrangolo, P.; Milani, R.; Pilati, T.; Priimagi, A.; Resnati, G.; Terraneo, G. The
Halogen Bond. Chem. Rev. 2016, 116 (4), 2478-2601.

110



Chapter 6
Outlook

This dissertation has presented AIRES as an autonomous platform for reticular materials
discovery by integrating high-throughput synthesis, automated optical microscopy with computer
vision, single-crystal X-ray diffraction, machine learning prediction, and algorithmic decision-making.
The results demonstrate that such a system can move beyond passive automation and function as an
iterative discovery engine. At the same time, the present implementation represents only one stage
within a broader vision of digital materials discovery.

A first direction for future development is the tighter integration of generative modeling and
computational screening with the experimental platform. In the current workflow, machine learning
models predict crystallization outcomes within a defined candidate space. In the future, this candidate
space could itself be proposed algorithmically. Generative models could suggest new linkers, linker
combinations, or precursor chemistries, while computational screening could eliminate infeasible or
non-promising candidates before experimental execution. In the broader digital discovery cycle, this
corresponds to the design layer, where user-defined goals are translated into candidate structures
through generative models, quantum-level geometry optimization, and machine learning-based
synthesizability prediction. In such a framework, experiment would no longer begin with a manually
curated list of molecules, but with a model-guided proposal of chemically meaningful, synthesizable
targets.

A second direction concerns the continued expansion of the experimental platform itself.
AIRES currently demonstrates the value of automating reaction preparation, imaging, and structural
verification, but future systems should be more modular, adaptable, and scalable. This includes
integration with additional equipment, such as powder X-ray diffraction, infrared and Raman
spectroscopy, thermal analysis, and liquid- or solid-handling systems with broader chemical
compatibility. Equally important is increasing the scale and flexibility of parallel experimentation. Some
workflows will continue to rely on 96-well plate formats, but future autonomous laboratories should
also be capable of larger-scale batch or flow-based experimentation, as well as flexible transfer between
instruments. In the broader digital cycle, this corresponds to a more advanced synthesis layer, where
automated synthesis, multimodal characterization, and machine learning-assisted data analysis are all
tightly connected.

A third direction is extension to other classes of materials and more complex synthesis spaces.
The present work uses single-linker Zn-ZIFs as a rigorous demonstration system, but the same closed-
loop methodology can be extended to multi-linker ZIFs, other MOFs, COFs, hybrid crystalline solids,
or even broader classes of functional materials. In such systems, however, the characterization problem
becomes more difficult. Single crystals are not always obtainable, and the outcome may consist of mixed
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phases, poorly crystalline solids, or metastable intermediates. As a result, future autonomous discovery
platforms will require more sophisticated and multi-modal characterization strategies. SCXRD will
remain crucial whenever definitive structures can be obtained, but it should be complemented by
PXRD, spectroscopy, microscopy, and other measurements that together provide a more complete
description of the reaction outcome. This is especially important because, as the chemistry becomes
more complex, the challenge is no longer only to detect success, but to define and label success in a

scientifically rigorous way.

A fourth direction concerns the feature representations and machine learning models that
underlie prediction and decision-making. This dissertation shows that physically informed descriptors,
especially those encoding linker geometry, electronic structure, and prenucleation interactions, are
critical for effective learning in low-data regimes. This will likely remain true even as the platform
expands. At the same time, as larger and more diverse datasets become available, there will be increasing
opportunity to use neural network models, graph-based architectures, and representation-learning
approaches that can infer useful chemical features directly from structure. Such models may become
especially valuable when moving to systems with greater compositional diversity, more flexible building
units, or richer characterization outputs. The long-term opportunity is not to replace chemical intuition
with black-box models, but to combine physics-informed features, domain knowledge, and data-driven

architectures within a unified predictive framework.

A fifth direction is to connect discovery more directly with optimization, scale-up, and
deployment. AIRES currently identifies crystalline products and solves their structures, but the
discovery of a material is only the beginning of its technological life cycle. Experimentally validated
structures can serve as structural anchors for downstream development, including scale-up synthesis,
phase verification, crystallinity optimization, and property testing. In the full digital discovery cycle, this
corresponds to the transition from discovery to scaling, where material and form factor, device
configuration, field-data collection, and eventual deployment are considered. The solved crystal
structure is especially valuable here because it provides a definitive reference for subsequent bulk
characterization, including PXRD-based phase identification and purity assessment during scale-up.

Finally, the future of autonomous discovery should be considered not only in terms of
laboratory efficiency, but also in terms of societal deployment. A mature digital discovery ecosystem
would connect user-defined needs, generative design, autonomous synthesis, structural verification,
scaling, and real-world application into one continuous loop. In this vision, autonomous platforms do
not simply produce more data; they shorten the time between scientific question and usable material.
Such systems could accelerate the development of porous materials for gas separation, catalysis, sensing,
and other applications of societal relevance. Realizing this vision will require not only better models and
instruments, but also standardized datasets, interoperable software, robust labeling strategies, and
careful consideration of how discovered materials move from academic proof-of-concept to

manufacturable and deployable technologies.
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