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PROGRESS AND POTENTIAL Metal-organic frameworks (MOFs) are rapidly emerging as a promising plat-
form for drug delivery; however, their clinical translation remains hindered by concerns regarding their
biocompatibility. Experimental approaches to assess MOF safety are resource intensive, are time
consuming, and raise ethical concerns related to extensive animal testing. Moreover, the vast chemical di-
versity of MOF building blocks makes the navigation of the chemical space intractable to experimental ap-
proaches, while classical modeling approaches are unable to capture the behavior of MOFs in complex bio-
logical systems. To address this, our study reports amachine-learning-guided computational pipeline for the
rapid assessment of MOF biocompatibility based on the toxicity of its building blocks. Using this pipeline, we
conducted a high-throughput screening of 86,000 structures from the Cambridge Structural Database, iden-
tifying existing and future candidates with minimal toxicity profiles suitable for drug delivery applications.
Beyond screening, themodels provide insights into the chemical landscape of high-biocompatibility building
blocks, enabling the derivation of guidelines for the rational, de novo design of biocompatible MOFs. Our
framework thus enables the efficient, rapid navigation of the MOF chemical space to shortlist ideal candi-
dates for experimental validation, potentially accelerating the timescales for clinical translation.
SUMMARY
Metal-organic frameworks (MOFs) are promising for drug delivery due to their high drug-loading capacity,
tunable porosity, and structural diversity. However, their clinical translation is hindered by concerns over
biocompatibility. Unfortunately, experiments are resource and time intensive, while modeling approaches
fail to capture the behavior of MOFs in intricate biological systems. Herein, we report a machine learning
(ML)-guided computational pipeline for probing MOF biocompatibility. Using a database of over 35,000
organic molecules, our interpretable ML models predict the toxicity of MOF linkers with over 80% accuracy
across different administration routes. Furthermore, we cataloged the toxicity of MOF metallic centers and
screened 86,000MOFs from the Cambridge Structural Database, identifying candidates with minimal toxicity
profiles. Beyond screening, our models provide insights into chemical features of biocompatible MOFs—
enabling de novo rational design. This framework expedites the discovery of safer MOFs for drug delivery
and deepens the understanding of their underlying chemistry.
INTRODUCTION

For many diseases, a promising prognosis is often linked to the

ability to deliver therapeutic agents to specific sites in the body.

In chemotherapy, this is often challenging, because cancer

drugs are distributed throughout the body, provoking damage

to healthy cells and, therefore, side effects.1 Moreover, some

cancer drugs are hydrophobic and require formulation to be

used in the clinic, while macromolecules such as RNA—poten-
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tially the most effective cancer therapeutics that exist—require

a vehicle to avoid in vivo degradation.2,3 Without a doubt, drug

delivery—i.e., bringing an agent from outside a biological system

to a specific site within the body—has rightfully been identified

as a critical area of research and is indeed the bottleneck for

the translation of genetic therapies to the clinic. In this context,

the engineering of nanomaterials has emerged as an interesting

avenue for improved disease diagnosis and treatment.4 The

encapsulation of therapeutic agents in nanoparticles has
arch 5, 2025 ª 2025 The Authors. Published by Elsevier Inc. 1
CC BY license (http://creativecommons.org/licenses/by/4.0/).

mailto:df334@cam.ac.uk
https://doi.org/10.1016/j.matt.2025.101958
http://crossmark.crossref.org/dialog/?doi=10.1016/j.matt.2025.101958&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Scheme 1. MOFs as emerging drug delivery systems and computational pipeline workflow for assessment of MOF biocompatibility

(i) (a) The versatility of MOFs as drug delivery systems and the advantages they offer over their counterparts (API stands for ‘active pharmaceutical ingredient’). (b)

External surface modifications of MOFs improve their colloidal stability, biodistribution, and overall biocompatibility. (c) Kinetic lability of the metal-ligand bond

and in vivo degradation of MOFs facilitate controlled release.

(legend continued on next page)
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improved their stability and solubility, augmented their ability to

penetrate membranes, and increased their circulation times,

enhancing treatment efficacies.5 Despite these superior capabil-

ities, massive investment, and decades of research, the number

of clinically approved nanomedicines is below projections, partly

attributed to a gap in outcomes between pre-clinical data (in vitro

and in vivo) and human studies.5,6 These poor therapeutic out-

comes are associatedwith complex biological barriers that serve

to limit the bioavailability of therapeutic agents at diseased

sites.4–6 For instance, initial iterations of nanomaterials engi-

neered for drug delivery had poor cell membrane permeability

and struggled with lysosomal entrapment—which in turn

affected intracellular functioning.7 However, an improved under-

standing of the interactions of nanoparticles with biological sys-

tems8 and clever advances in engineering have seen several

nanoparticle formulations being approved for clinical usage.5 In

addition to small-molecule chemotherapeutics, state-of-the-art

drug delivery formulations have more recently demonstrated ef-

ficacy for the delivery of macromolecules such as proteins and

DNA.7 The current classes of drug delivery formulations can

broadly be classified as lipid based, polymer based, and inor-

ganic nanoparticle based. Despite their advantages, however,

these formulations either have poor targeting capabilities or

face solubility, toxicity, and aggregation concerns.5,9–12

In view of these constraints, and owing to their inorganic-

organic crystalline nature, metal-organic frameworks (MOFs)

have emerged as a new system for drug delivery.13–15

Composed of metal-containing clusters or metal ions connected

via organic linker molecules, MOFs have well-defined, tunable

structures with high void space and permanent porosities. While

these unique characteristics allowMOFs to be utilized in a variety

of applications such as gas storage and separation,16 sensing,17

and catalysis,18 with regard to drug delivery, these materials

have significant advantages over currently utilized formulations.

The biggest advantage is that the high void space allows the

encapsulation of up to 50 times higher quantities of therapeutic

agents per unit mass (up to 1.4 g drug per gram MOF), which

are released over long timescales (Scheme 1i, a).19 The open

structure and kinetic lability of the coordination bonds of MOFs

imply, many times, relatively lower stability compared to conven-

tional porous materials, such as zeolites and carbon nanotubes,

but, in drug delivery, they are beneficial, as they will avoid bio-

accumulation by facilitating a controlled degradation in vivo

(Scheme 1i, c). In addition, the unique chemistries of the organic

and inorganic components can be leveraged to incorporate mul-

tiple functionalities onto the MOF’s internal or external surface.20

An avenue of particular interest is the functionalization of the

external MOF surface post-synthesis—sometimes referred to

as biofunctionalization21—which improves colloidal stability, ex-

tends release times, and enhances cellular uptake, in an attempt

to achieve targeted drug delivery (Scheme 1i, b).22 Moreover,
(ii) (a) Data are first processed using conventional techniques and featurized

Following this, feature selection is carried out to find the optimum subset of featu

train different models—namely random forests, support vector machines, and

acrossmultiple metrics. The best-performingmodel is further optimized on a fine g

and then used to screen the CSD for potentially biocompatible MOF candidates

Parts of the scheme were created with BioRender.
these surface-modified MOFs show improved intracellular sta-

bility, lower cytotoxicity in vitro, and delayed release times.23

Surface-modified MOFs have shown efficacy in the delivery of

small-molecule drugs24 and monoclonal antibody checkpoint

inhibitors in cancer immunotherapy25 and, more recently, in

photodynamic therapy.26 Despite advancements over the past

decade, there are some gaps that are yet to be filled before

MOFs can be considered at a clinical level.

Perhaps the most fundamental of these gaps is the inherent

biocompatibility of the MOF. Pre-clinical information on pro-

posed materials—in addition to efficacy studies—requires sta-

bility, biodistribution, and biocompatibility data.27 The screening

is usually performed in a pipeline, starting with in vitro tests (e.g.,

examination of cytotoxic effects and performance on human

cells), followed by animal in vivo studies (e.g., distribution, effi-

cacy, and immune response in several animal models); for clin-

ical translation, this will culminate in several stages of clinical tri-

als.8,27 Most studies pertaining to MOFs are limited to an in vitro

stage, with very few in vivo studies reported to date. The first

study was reported by Horcajada et al.13 in 2010, where,

upon intravenous (i.v.) administration of Fe-MOFs to Wistar

rats, no immune or inflammatory reactions were detected, hint-

ing that these MOFs are well tolerated. A more in-depth history

of in vivo studies on MOFs has been presented in an excellent

review by Ettinger et al.28 While these results suggest the appli-

cability of MOFs for drug delivery, the translational gap between

animal and human outcomes—with statistics indicating that

only one in nine human trials are approved for clinical us-

age6—implies that these studies need to be scaled up or

accelerated.

From a theoretical standpoint, with near-infinite possible com-

binations of metal nodes and organic linkers, there have been

over 500,000 hierarchical MOF structures predicted, with more

than 100,000 experimentally synthesized.27 This makes opti-

mum material selection through experimental means intractable

due to the associated timescales, costs, and, more importantly,

ethical concerns with respect to large-scale animal studies.

While chemical intuition and empirical efforts have captured

chemical trends influencing MOF biocompatibility, these rules

are difficult to generalize for the efficient screening of biocom-

patible MOF candidates. With these constraints in mind, here,

we present a systematic analysis of factors influencing MOF

toxicity and attempt to guide the rational design of biocompat-

ible MOFs for drug delivery applications using interpretable ma-

chine learning (ML). We would like to note that, in a recent study,

a large-scale screening of the literature was conducted to curate

research articles pertaining to cytotoxicity of MOFs, wherein cell

viability data were extracted and used to train predictive

models.29 However, given the scarcity of comprehensive cell

viability data, especially negative results (i.e., reports on toxic

MOFs), the generalization capabilities of these models remain
using cheminformatics libraries to accurately capture chemical information.

res that can maximize model performance. (b) These subsets are then used to

gradient boosted machines—on a coarse grid of hyperparameters evaluated

rid of hyperparameters. (c) The final model is first validated on unseen test data

for drug delivery.
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unexplored. Herein, inspired by the drug discovery process,30

we propose a computational pipeline (outlined in Scheme 1ii)

capable of screening large MOF libraries for their inherent

biocompatibility in a high-throughput manner. Our methodology

utilizes the distinctive chemistries of MOF building blocks to

guide inferences surrounding prospective biocompatibility. The

in vivo degradation of the MOF due to the kinetic lability of the

metal-ligand bond implies that the toxicity of building blocks

would be strongly correlated to its toxicity.28 Our central premise

is that MOFs built from non-toxic precursors or building blocks

are more likely to be non-toxic than those built on toxic ones.

This approach allows one to narrow down the chemical land-

scape for future experimental navigation, shortlisting potentially

optimal materials. Similar approaches leveragingMOF precursor

chemistry have been reported by Pétuya et al.,31 for predicting

guest-pore accessibility, and by Batra et al.,32 for predicting wa-

ter stability. As elucidated by Bencherif and colleagues,27 the

chemistry of the precursors emerges as a pivotal determinant

of MOF toxicity. For the metallic center, correlations of intrinsic

chemical features with the toxicity of the MOF are straightfor-

ward, while for the organic linker, these correlations are convo-

luted, owing to conflicting effects of different chemical features.

To address the toxicity concerns of the metal center, we curated

a database of reported median lethal dosage (LD50) values of

corresponding ions in oxidation states commonly found in

MOFs, maintaining respective chloride salts as an ionic control.

For the organic linker, we developed predictive algorithms (clas-

sification models) using a database of LD50 values of over 35,000

organic molecules33 when administered using the intraperitoneal

(i.p.) route. For each molecule in the database, a vector of chem-

ical features was calculated, using which a three-class classifi-

cation model was developed, capable of classifying linkers as

‘‘safe,’’ ‘‘toxic,’’ or ‘‘fatal.’’ In the event the molecule was pre-

dicted to be toxic, it was passed to a second two-class classifi-

cation model for predicting the degree of toxicity. Three unique

predictive algorithms were developed, optimized, and evaluated

against several metrics. The best-performing model showed an

81% accuracy (receiver operator characteristics-area under

the curve [ROC-AUC] score of 0.86) against previously unseen

data and showed good generalization capabilities when tested

on MOF linkers with known toxicity profiles.

The developed models are interpretable at both global and

local levels. At a global level, the judicious selection of ML

models facilitated the extraction of chemical features exhibiting

robust correlations with toxicity, thereby facilitating the formula-

tion of a general framework to guide the design of MOFs with the

heightened prospects of biocompatibility. At a local level, Shap-

ley additive explanations (SHAPs)34 revealed features that had

high positive and negative contributions toward the classification

of specific molecules. Using these computational tools, we

screened the Cambridge Structural Database (CSD),35 contain-

ing over 86,000 non-disordered MOF structures, hierarchically,

initially delineated by the metallic center, subsequently refining

the selection based on the organic linker, thereby identifying

potentially safe candidates that may be considered for drug de-

livery applications. The pipeline developed here can be easily

transferred to other, similar systems to accelerate de-risking

strategies of new materials.
4 Matter 8, 101958, March 5, 2025
RESULTS

Data processing and featurization
Toxicity data for the organic ligands were obtained from a

recently published database containing comprehensive toxico-

logical information spanning over 113,000 organic molecules

across 1,474 toxicity endpoints.33 For predicting the potential

toxicity of organic linkers, we chose the largest subsets of the

database, reporting quantitative results on the LD50 when

administered to mice through i.p. or oral routes. We recognize

that the route of administration and localization is highly corre-

lated to the observed toxicity,36 and our choice of data was

driven by the need to maximize model performance. The chosen

subsets contained quantitative LD50 values for 35,299 organic

compounds (for the i.p. route) and 22,691 organic compounds

(for the oral route) represented in the simplified molecular-input

line-entry system (SMILES) format.37 We performed additional

steps to clean the data, by removingmissing or duplicate entries.

To comprehend the dataset, we used the Globally Harmonized

System of Classification and Labelling of Chemicals (GHS) pro-

posed by the United Nations.38 The GHS classifies substances

into five acute toxicity hazard categories based on LD50 values

when administered through either oral or dermal route (dis-

cussed in section S2 of the supplemental information). In the

absence of categories for the i.p. route, we used the same cate-

gorization as the oral one. Compounds belonging to categories 1

and 2 are usually fatal, categories 3 and 4 are usually toxic, and

category 5 are usually safe.38 Considering the organic linker in

MOFs, we would not want to use potentially fatal linkers and

would ideally want to use potentially safe linkers. However, as

will be discussed in upcoming discussions, most linkers are

toxic. In view of this, we propose three customs categories, (1)

safe, (2) toxic, and (3) fatal, formed by combining relevant cate-

gories as developed in the GHS. Upon curation and processing,

we deployed strategies to represent the chemical data in a ma-

chine-readable format. A robust and reliable technique of repre-

sentation is to calculate a list of molecular features that are

relevant to the problem at hand—in our case, toxicity.39 To build

accurate models, it is essential to select features that can collec-

tively capture trends in toxicity across different classes of

organic linkers.32 For featurization, we used an open-source li-

brary40 for generating 197 cheminformatics-based descriptors

at different hierarchical levels (Figure 1A). These were a combi-

nation of physical molecular descriptors—such as molecular

weight, fragment-based descriptors—such as the number of

carbonyl groups present, and more complex descriptors based

on polarity, partial charges, and surface areas. Section S3 of the

supplemental information shows the full list of descriptors calcu-

lated, with brief descriptions of their physical implications. The

choice of descriptors was motivated by the broader goal of

capturing experimentally implementable chemical features that

are correlated to toxicity. In this regard, descriptors that can

encode information about the entire atomic structure—known

as ‘‘global descriptors’’—aremore useful than descriptors repre-

senting localized regions within a structure—known as ‘‘local de-

scriptors.’’41 The inclusion of descriptors such as those related

to molar refractivity, van der Waals surface areas, and partial

charges may seem peculiar at first. These descriptors, however,



Figure 1. Molecule featurization

(A) Three types of global descriptors were used for the development of themodels. The first are 0D descriptors that do not account for molecule structure or atom

connectivity, such as molecular weights. The second are 1D descriptors that account only for the molecular formula, such as the presence or absence of specific

fragments. Last, 2D descriptors consider 2D molecular structures, such as surface-area-based descriptors. There are other ways of categorizing these

descriptors, such as topology based or electronic-state based. We also calculated complex (‘‘abstract’’) descriptors such as the quantitative estimate of drug-

likeness (QED). Inspired by Aloy and colleagues.44

(B) A correlation matrix of 110 features. The correlation matrix helps visualize relationships between different features. The color suggests relations between

features ranging from strong negative correlations to strong positive correlations.
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are widely used in computational chemistry, as they introduce

orthogonality, i.e., they capture different aspects of the molecule

that traditional descriptors cannot—allowing us to train models

on uncorrelated data, which is more desirable. In addition, not

only does the introduction of orthogonality minimize potential

biases that may arise during subsequent feature selection pro-

cesses but these descriptors also allow us to discriminate be-

tween molecules that have small structural differences.42 While

these correlations are complex (Figure 1B)—and not necessarily

experimentally accessible—these descriptors help rationalize

the ability of molecules to bind to receptors and cross biological

membranes.42,43 Figure S2 shows the variation in these features

across different categories of toxicity. From these distributions,

it is evident that not all calculated descriptors are correlated

to toxicity. In such a scenario, it is important to retain only

those features that are relevant to the target. Here, we relied

on the simple, effective technique of selecting the ‘‘K’’ (K ˛
{20, 30, ., 180}) features most correlated to toxicity, discussed

in the following sections—and further in section S5 of the supple-

mental information.

Figure S1 shows the distribution of data points for the i.p. route

across the GHS categories. The distribution suggests that the

data are heavily biased, with 3,737 fatal, 29,678 toxic, and only

1,704 safe molecules. Models trained on these biased data

would be more likely to predict molecules as toxic, which, while

undesirable for incorrectly labeled safe molecules, is a serious

concern for incorrectly labeled fatal molecules.45 To avoid

biasing the model predictions, following a train-test split, we

chose to equalize the number of datapoints in each category

(see section S4 of the supplemental information). There are three

ways of achieving this: (1) oversampling theminority category, (2)

undersampling the majority category, and (3) a combination of

oversampling and undersampling. The first two strategies carry

the risk of representation bias—the generated samples are

non-representative of the entire population—and aggregation

bias—generated samples falsely represent the entire population

by ignoring sub-groups of data.45 Intuitively, a combination of

the two strategies should produce the best results.46 Here, we

carried out random undersampling of the majority class to avoid

sampling bias and used the adaptive synthetic (ADASYN)47 sam-

pling algorithm to oversample the minority classes (refer to sec-

tion S1 of the supplemental information for further details). These

strategies produced classes with 5,000 datapoints each. To pre-

vent information leakage, the independent test set was not

sampled and was thus heavily imbalanced. To account for this

imbalance, appropriate metrics, such as balanced accuracy,

were used for evaluating the generalization capabilities of the

developed models.
Figure 2. ML model evaluation

(A) Performance of SVM-, RF-, and GBM-based three-class classification mode

(B and D) The performance of the hyperparameter-optimized RF-based three-cla

administration.

(C and E) ROC-AUC of the three-class classifier on the independent test sets for

(F and H) The performance of the two-class classifier on the training and indepe

(G) Sequential classification scheme developed.

(I and J) Ranked feature importance (top 30 features) for the best-performing RF c

features have been marked with stars.
ML model development and optimization
Once data were processed, curated, and featurized, the next

step involved the selection of appropriate ML models to be

trained. Here, due to their excellent performance on materials

data, relative simplicity, and interpretability, we limited our

search to support vector machines (SVMs), random forests

(RFs), and gradient boosting machines (GBMs),31,32,48 dis-

cussed in sections S1 and S6 of the supplemental information.

SVM-, RF-, and GBM-based classifiers were trained on identical

datasets, their performances being evaluated across five met-

rics: (1) accuracy, (2) balanced accuracy, (3) macro-F1 score,

(4) Mattheus correlation coefficient (MCC), and (5) ROC-AUC

score—discussed in section S1 of the supplemental information.

In case it is not clear as to why more than one evaluation metric

has been employed, it is because, in several cases, in addition to

accuracy, we are concerned about where themodel tends to fail.

For instance, in the case of organic linker toxicity, apart from the

accuracy of the model, we would also want to minimize poten-

tially fatal linkers being falsely classified as safe. In such sce-

narios, metrics such as macro-F1 tend to shed more insights.

Moreover, given the imbalanced nature of real-world data, met-

rics such as balanced accuracy provide a more reliable assess-

ment of the generalization capabilities of the model.

As discussed previously, to optimize model performance, it is

crucial to identify a non-redundant subset of the feature space

that is correlated to the target variable, so as to reduce overfitting

while improving model interpretability. Here, we utilized univari-

ate statistical tests based on the ANOVA F value49 to select

the K-best features, K ˛ {20, 30, ., 180}. The three models im-

plemented on the scikit-learn library50 in Python were trained on

all subsets to find the most optimum, unbiased set of features

relative to themodel. Using a single 5-fold stratified cross-valida-

tion approach, the SVM showed the worst performance across

all metrics, with an accuracy of 71.62% (Figure 2A). As described

in Scheme 1, this model was trained on a coarse grid of hyper-

parameters pertaining to the regularization parameter, kernel

type, and shape of the decision function. The GBM was opti-

mized on a coarse grid of hyperparameters pertaining to the

learning rate, maximum iterations, maximum leaf nodes, mini-

mum samples required to be a leaf node, and regularization

parameter; it showed the best performance on the training set

with an accuracy of 83.22% (Figure 2A). In turn, the RF was opti-

mized on a coarse grid of hyperparameters pertaining to the

number of estimators and maximum depth (refer to section S6

of the supplemental information); it showed performance com-

parable to that of GBM, with an accuracy of 81.91%. Due to bet-

ter performance on independent test data and overall better

interpretability, we chose the RF-based classifier for subsequent
ls across four evaluation metrics on the i.p. dataset.

ss classifier on the training and independent test sets for i.p. and oral routes of

i.p. and oral routes of administration.

ndent test sets for i.p. administration.

lassifiers for the i.p. and oral routes of administration, respectively. The unique
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investigations. The RF-based classifier showed the best perfor-

mance across all metrics on a subset of 110 features selected

using the F-value test. The general trend observed was an in-

crease in performance from 20 to 110 features, followed by a

decrease in performance up to 170 features, with a slight

improvement at 180 features (Figure S6).

The hyperparameter optimization process suggests that at

maximumdepth >20, with number of estimators >400, themodel

generally performed well, showing the best performance at a

maximum depth of 40 with 700 estimators. Following this, pur-

suant to Scheme 1, we constructed a finer grid of hyperpara-

meters around those reported above, to fine-tune themodel per-

formance. Fine grid optimization suggests that the model

performs best at a maximum depth of 32, with 725 estimators,

although these improvements were marginal at best. The best-

performing classifier had a validation accuracy of 86.83%

(macro-F1 of 0.87, MCC of 0.80) on the i.p. dataset and a valida-

tion accuracy of 84.20% (macro-F1 of 0.84, MCC of 0.76) on the

oral dataset (Figures 2B and 2D). As expected, due to the imbal-

anced nature of the independent test set (which is what we

would expect for real-world data), the performance metrics

were slightly lower; however, the models largely retained their

generalization capabilities. As pointed out earlier, apart from ac-

curacy, a major concern for toxicity-related models is correctly

identifying molecules that are fatal (specificity) and correctly

identifying molecules that are not safe (sensitivity).51 To investi-

gate this, we calculated ROC curves52—discussed in section

S7 of the supplemental information. In the ROC curve, the

y axis represents the true positive rate (TPR; analogous to sensi-

tivity), while the x axis represents the false positive rate (FPR;

analogous to 1 � specificity). A perfect model would have a

TPR of 1 and FPR of 0, while a random guess would follow the

curve denoted by the dashed lines in Figure 2C. In simple terms,

the ROC curves help analyze the trade-off between the TPR and

the FPR across different classification thresholds. The AUC is

often used as a metric to compare ROC curves. Figure 2C sug-

gests that for the independent i.p. test dataset, in a one-vs.-rest

setting, the RF-based classifier performs well across classes,

showing the best performance for predicting potentially safe

molecules correctly (AUC = 0.899) and a relatively poorer perfor-

mance for predicting potentially toxic molecules correctly

(AUC = 0.858). Figure 2D suggests that for the independent

oral test dataset, the classifier again performs well across clas-

ses, with the best performance in predicting potentially fatal mol-

ecules correctly (AUC = 0.908). To assess model performance

against external data, we curated a small dataset of 25 Food

and Drug Administration (FDA)-approved drugs along with their

reported LD50 values when administered to mice or rats orally.

Our developed three-class classification model for oral adminis-

tration correctly predicted the toxicity class of 18 of the 25 drugs,

showing an accuracy of 72%, which is indicative of good gener-

alization capabilities. Notably, none of the drugs with a fatal pro-

file were incorrectly identified as safe. In section S10 of the sup-

plemental information and Data S4, we provide our curated

dataset, along with the relevant data sources and corresponding

model predictions.

Furthermore, given that a majority of organic linkers may fall in

the toxic category, we included a more robust classification of
8 Matter 8, 101958, March 5, 2025
the ‘‘degree’’ of toxicity to further guide materials selection and

design choices. Here, pertaining to categories 3 and 4 of the

UN GHS, a two-class classification model was developed for

discriminating between molecules that are ‘‘more’’ or ‘‘less’’

toxic (Figure 2G). Figure 2F shows the performance of the clas-

sifier on a subset of the i.p. dataset pertaining to the relevant cat-

egories. The model performance in this case is slightly poorer

compared to the three-class classification model, hinting that it

may be more difficult to discriminate between ‘‘more’’ and

‘‘less’’ toxicmolecules. Nonetheless, themodel had good gener-

alization capabilities against previously unseen data (Figures 2F

and 2H). A crucial outcome from the developed models in the

present context is the global feature importance rankings with

respect to the toxicity endpoints as shown in Figures 2I and

2J. These feature importances would play a key role in guiding

linker design choices—e.g., what characteristics should be

avoided to design linkers with better toxicity profiles—and are

discussed later. As mentioned previously, the induced toxicity

is strongly correlated to the route of administration. On

comparing the 30 features most correlated to the toxicity

endpoint across the i.p. and oral routes of administration, it be-

comes apparent that not only do several features differ in their

relative importance but there also exist features that are unique

to the route of administration. For instance, in the case of the

i.p. route, we observed that among these 30 features, there

were more fragment-based descriptors compared to the oral

route. There were also several features such as those pertaining

to partial charges, molar refractivity, and metrics like the ‘‘quan-

titative estimate of drug-likeness’’ (QED) that were prominent

across the routes of administration. We would, however, like to

note that the relative feature importance is sensitive to correla-

tions between features.

High-throughput screening ofMOFs for biocompatibility
The ML model for predicting the toxicity of the organic linker

partly addresses the biocompatibility of MOFs. The second

aspect—as important as the first one—is the toxicity of the

metallic center. The chemical landscape of MOF metal centers

is limited, making it easier to map and interpret. However,

some crucial considerations should be accounted for prior to

making design choices. Here, we would like readers to refer to

Figure 3A, where we present a dataset of metal center toxicity,

with the corresponding chloride salt as the ionic control. This da-

taset was constructed for all metal centers having formed MOF

structures as reported in a recent review by Zhou and co-

workers53—with a description of the data curation in section

S1 of the supplemental information. For better interpretability,

we provide the raw data in section S8 of the supplemental infor-

mation and Data S1, along with the data sources. In many cases,

the mechanisms by which metal ions induce toxicity are well

known. Disruption of the metal ion balance in the body (also

known as metal ion homeostasis) can lead to metal binding to

protein sites outside of their natural binding sites, causing the

oxidative deterioration of biological macromolecules—which

as such can lead to several diseases.54 For instance, disruption

of Fe and Cu homeostasis has been linked to neurological disor-

ders such as Parkinson’s.55 This disruption can also lead to the

formation of free radicals, which in turn can modify DNA bases



Figure 3. High-throughput screening

(A) Database for the reported LD50 values for the corresponding chloride salts taken as the ionic control when administered through the oral route to rats. The

elements are color coded according to their toxicity. All possible centers withMOFs reported have been considered for the construction of this database—refer to

section S8 of the supplemental information for the raw data.

(B) Based on toxicity values, centers can be classified as potentially safe, toxic, or fatal. For the high-throughput screening, only potentially safe centers were

considered.

(C) Distribution of some of the top-ranked features, MaxPartialCharge (maximum partial charge of the molecule), MinEStateIndex (an electrotopological state

index), MinAbsPartialCharge (minimum absolute partial charge of the molecule), SMR_VSA6 (a complex descriptor calculated from the molar refractivity and the

atomic contributions to the van der Waals surface area), VSA_Estate5 (a complex descriptor calculated from the van der Waals surface area and the atomic

contributions to the electrotopological state), and PEOE_VSA1 (a complex descriptor calculated from the partial charges and the atomic contributions to the van

der Waals surface area), across the three classes of toxicity as predicted by the ML model for MOFs with potentially safe metal centers.
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and enhance lipid peroxidation.54,56 Indeed, not only the choice

of the metal center but also its connectivity in the cluster would

play key roles in modulating the safety profile of the resulting

structure.

There are several inferences that can be drawn from Figure 3A.

The more obvious primary inference is that the oxidation state of

the metallic center largely influences toxicity.57 This is most

evident in the case of Cr, with Cr(VI) being fatal, while Cr(III) is

borderline toxic. This effect is less pronounced in the case of
Mn, Fe, Cu, and Sb. A second inference is that, notwithstanding

physicochemical properties, several MOFs currently being

explored at an in vivo level have potentially safer metal center al-

ternatives. Most current research onMOFs for drug delivery pre-

dominantly focuses on materials centered around Fe or Zn,

which have demonstrated low toxicity in the short term.58,59

However, there is a notable gap in investigations regarding the

long-term effects and comprehensive animal studies for these

materials. In this context, the utilization of metallic centers that
Matter 8, 101958, March 5, 2025 9
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are potentially safer offers a degree of riskmitigation when trans-

lating these studies to clinical applications, from a safety-by-

design (SbD) perspective. For instance, going by these consider-

ations, Ag-/Ca-centered analogs of Fe-/Zn-centered MOFs may

be potentially safer candidates. Nevertheless, this discussion is

not straightforward, as several other considerations come into

play—for example, the metal coordination, topology, and pore

properties of the MOF are as important as the biocompatibility.

Arguably, one of the most critical considerations revolves

around the stability of MOFs within biological systems. This

aspect remains relatively unexplored, especially concerning

MOFs with metallic centers that we classified as potentially

safe. In such scenarios, however, external surface modification

or functionalization emerges as a viable strategy for enhancing

material stability.21 For instance, we have demonstrated that

the post-synthetic modification of the MOF external surface

with phosphate-functionalized methoxy polyethylene glycol en-

hances the MOF colloidal stability and provides precise control

over drug-release kinetics. This approach effectively overcomes

a long-standing issue related to MOF aggregation, which has

been a significant bottleneck for the translation of MOFs to the

clinic.23 These strategies can be extended to MOFs containing

these potentially safer metallic centers, thereby improving their

suitability for drug delivery applications. A second consideration

that we have touched upon briefly is the variation in toxicity with

the route of administration.

Like the categories of toxicity used in the ML model develop-

ment, we classified metal centers as potentially safe, toxic, or

fatal (Figure 3B). Ag, Mg, Al, K, Ca, Sc, Ga, Rb, Sr, Y, Zr, Pd,

Cs, Hf, and Bi have been identified as potentially safe metal cen-

ters. With these metallic centers we screened the non-disor-

dered MOF subset—containing over 86,000 entries—of the

CSD.35 We appreciate that, in many cases, due to exceptional

properties, researchers are persuaded to useMOFswithmetallic

centers outside the list of metals considered here. However, our

goal here is to find the safest possible MOFs. In our initial

screening, we compiled the crystallographic information files

(CIFs) of MOFs containing these metals of interest—which

were then screened in a high-throughput manner, described in

Scheme 1, and are discussed further in section S1 of the supple-

mental information. Here, it was necessary to deconstruct the

MOF structures to find their respective building blocks. For

this, we leveraged the moffragmentor library developed by Ja-

blonka et al.,60 which uses a structure graph analysis to identify

the building blocks. We passed the compiled list of MOF struc-

tures through this library in a high-throughput manner to extract

the organic linkers of only thoseMOFs that havemetal centers of

interest in the present context, discarding the rest. For example,

Ag-centered or Zr-centered MOFs containing Pd in their struc-

ture were excluded from consideration. Also, in some cases

where the organic linkers used are highly complex, we were

not able to successfully fragment the structure. The fragmenta-

tion procedure gave us 5,178 MOF linkers.

The organic linkers corresponding to these 5,178 MOFs were

then passed to the trained RF-based classifier for the i.p. route to

predict their potential toxicity. Four hundred seventy-nine linkers

were classified as potentially safe, 3,189 as potentially toxic, and

1,384 as potentially fatal; for approximately 120 linkers, featuri-
10 Matter 8, 101958, March 5, 2025
zation was not successful—possibly due to complexities during

the fragmentation procedure. Since these linkers accounted

for ca. 2% of all linkers, they were thus ignored from consider-

ation—and we anticipate that this low percentage does not

affect the subsequent analysis performed. Furthermore, of the

toxic linkers, 2,479 were assigned as ‘‘less’’ toxic, while the

remaining were assigned as ‘‘more’’ toxic. In section S9 of

the supplemental information, Data S2, and Data S3, we

provide the lists of MOFs assigned safe and ‘‘less’’ toxic. Fig-

ure 3C shows the distribution of six continuous features

(MaxPartialCharge, MinEStateIndex, MinAbsPartialCharge,

SMR_VSA6, VSA_Estate5, and PEOE_VSA1) having high corre-

lations to the observed toxicity (for the i.p. route) as identified in

Figure 2I. It is evident that these distributions overlap consider-

ably—with rather subtle differences between individual features.

It thus becomes difficult to infer useful guiding principles on

linker design on the basis of these distributions, relying purely

on experimental approaches. This brings us back to our initial

point that, although there are chemical trends that guide biocom-

patibility, these are difficult to generalize. It is hypothesized that

these subtle differences add up due to synergistic interactions

between several features, resulting in large apparent differences

in observed toxicity profiles—something similar to what was pro-

posed by the Lipinski’s ‘‘rule of five’’ (Ro5).61 While these trends

may not be necessarily intuitive, they nonetheless suggest re-

gions in the chemical space that are theoretically safe for the

design of biocompatible linkers. More recent computational ap-

proaches, such as generative models, are particularly good at

modeling these distributions by capitalizing on subtle differences

between distributions for inverse design.62,63

Model interpretation and validation
Throughout our discussions, a recurring theme has been the

importance of model interpretability. By analyzing the feature

importance, such as those shown in Figures 2I and 2J, we can

make several inferences pertaining to chemical trends at a global

level. For instance, based on feature importance, the number of

carbonyl oxygen fragments (fr_C_O) appears to be highly corre-

lated to the toxicity profile. Among the MOF linkers that were as-

sessed, safe linkers had an average of 1.44, toxic linkers had

1.34,while fatal linkers had1.11carbonyl oxygens. Suchdescrip-

tors that can effectively discriminate between fatal and non-fatal

linkers are very useful from a design perspective. Similarly with

regard to amide fragments (fr_amide), safe and toxic linkers

tend to have a higher number of amide fragments compared to

fatal linkers (an average of 0.20 for safe, 0.19 for toxic, and 0.13

for fatal linkers). In such cases, however, it is crucial to not

confuse the absence of evidence with evidence of absence. As

is evident from these values, in several cases, trends may not

be linear. For instance, ascanbeobserved inFigure 3C, fatalmol-

ecules may have properties that fall between those of safe and

toxic molecules. While fragment-based and general descriptors

such as molecular weight are easier to interpret and can directly

guide linker design, some descriptors are more ‘‘abstract’’ but

nonetheless crucial to consider. These abstract descriptors build

off of the seminal Lipinski Ro5,61 wherein it was proposed that

highly desirable drug-like compounds have properties that

fall within specific ranges. For instance, compounds having
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hydrogen-bond donors >5, an octanol-water partition coeffi-

cient >5, amolecular mass >500 Da, and hydrogen-bond accep-

tors >10 are more likely to have poor permeability and are, thus,

less desirable. One such abstract descriptor is the QED devel-

oped by Bickerton et al.64 for evaluating the desirability of drug-

like compounds through underlying properties such as solubility,

permeability, metabolic stability, and transporter effects. The

QED is seen to vary for the different classes of molecules both

in the original dataset and for the predictions. Notably, it was

observed thatmoleculeswith the highestQEDvaluesbelongpre-

dominantly to the toxic category (with an average value of 0.61

compared to safe and fatal molecules having average values of

0.45 and 0.45, respectively). Thus, relying on the QED value ap-

pears to be a viable strategy from a biocompatibility perspec-

tive—as again, it on average can discriminate between toxic

and fatal molecules. Similarly, it has been proposed that

increasing the saturation, i.e., the number of sp3 carbon atoms

in a molecule, and reducing the aromatic ring count increases

the chances of clinical success.65,66 It should, however, be noted

that there are several exceptions to these ‘‘rules,’’ with estimates

suggesting that only 51% of FDA-approved small-molecule

drugs comply with the Ro5.67

Since global feature importance captures feature correlations

across the dataset, for individual molecules, they may deviate

significantly. It is due to these deviations that it becomes neces-

sary for models to be locally interpretable. In such cases, we

may rely on local explanations from the associated SHAP anal-

ysis. SHAP is a game-theory-based approach to explaining the

output of ML models by decomposing this output into the sum

of the impact of individual features, i.e., looking at the marginal

contribution of each feature to the prediction.34 Featureswith pos-

itive SHAP values increase the probability of a particular classifi-

cation, while those with negative values decrease the probability.

The magnitude of the SHAP value highlights the relative impor-

tance (or marginal contribution) of a feature toward a particular

classification (which may differ from the global feature rankings).

As depicted in Figure 4, from SHAP analysis, it can be inferred

that the toxicity classification of the 2-methylimidazole (mIm) linker

in ZIF-8 has large positive contributions from its electrotopological

state (refer to Figure S7), molar refractivity, and absence of frag-

ments such as carbonyl oxygens and aromatic heterocycles.

Possibly due to structural similarities, the linker in ZIF-90, too,

has contributions to its toxicity classification from similar features

(EState_VSA1 and SMR_VSA3). Notably, in such cases, relatively

simple functionalizations, such as the addition of an amide func-

tionality, significantly change the toxicity profile. To aid the inter-

pretation of the force plots depicted in Figure 4, we refer the

reader to a detailed schematic in Figure S8.

While one aspect of biocompatibility is designing safe MOFs

by observing trends in the chemical features of building blocks,

another aspect is choosing the safest candidate given a choice.

Here, guided by the overarching principles of SbD,68 we

explored the chemical landscape of linker characteristics to

make rational decisions for the choice of optimum MOFs. To

visualize this landscape, we utilized the t-distributed stochastic

neighborhood embedding (t-SNE)69 approach to project the

110 features onto a two-dimensional map. We chose to visualize

the chemical landscape of experimentally reported Ag-MOF
linkers (Figure 5A), Ca-MOF linkers (Figure 5B), and Zr-MOF

linkers (Figure 5C) as they either represent the largest subsets

of the experimentally reported MOFs with a safe metallic center

or have been gaining traction as potential drug delivery sys-

tems.15,23 Clusters represent linkers with high chemical similarity

and are color coded based on their predicted toxicity. Within the

chemical landscape enclosed by the linkers (Figures 5A–5C), we

were able to identify ‘‘homogeneous’’ and ‘‘heterogeneous’’

design spaces. Here, we define homogeneous design spaces

as clusters with linkers having the same toxicity class, while het-

erogeneous design spaces are clusters having linkers with

different toxicity classes. Intuitively, operating within homoge-

neous design spaces containing only safe linkers would signifi-

cantly enhance the chances of designing biocompatible MOFs.

Heterogeneous design classes, however, pose SbD challenges.

Caution is essential when exploring the chemical space pertain-

ing to such clusters. These observations, however, are based on

experimental data, whichmay not represent the complete chem-

ical landscape.

A noteworthy observation is that a majority of the experimen-

tally reported MOFs predicted to be safe lack porosity, as

evident in Figures 5D–5F—hinting toward a biocompatibility-

porosity trade-off. This trade-off potentially exists because

higher molecular masses (which is often the case for longer

linkers) are inversely correlated with molecule desirability.64

Given the intended use in drug delivery, porosity is a crucial attri-

bute. Among the safe MOFs that do exhibit porosity, a substan-

tial portion are Zr based. This highlights the potential of Zr-MOFs

as promising candidates for healthcare applications, primarily

attributed to their high biocompatibility and superior pore char-

acteristics. This finding aligns with our experimental validation

in previous studies.23 It is essential to note that the limited

porosity observed in most safe MOFs reflects the available

experimental data and may not hold true universally. In theory,

by employing the principles outlined in this study, it should be

feasible to design MOFs with these safe centers while ensuring

adequate porosity. In this context, linker modifications may

play a key role in modulating the safety profiles of MOFs. In Fig-

ure 5G, we demonstrate these modulations for a subset of

substituted imidazolates (that formmetal-azolate frameworks).70

Here a knowledge of ‘‘toxicophores’’—substructures or func-

tional groups that are frequently associated with toxicity—would

again help in design choices.71 For instance, nitro groups and ar-

omatic amines are well-known toxicophores, which have been

identified by our classification models as highly toxic.72,73 While

the coordination modes will largely remain the same70 during

such modifications, one has to be mindful of the biocompati-

bility-porosity trade-off. In other words, while bulky modifica-

tions may modulate safety profiles, it would come at the cost

of a lower porosity, hampering drug-loading capabilities.

Achieving these goals would thus benefit significantly from the

application of generative artificial intelligence. In section S9 of

the supplemental information, Data S2, and Data S3, in addition

to the list of safe and ‘‘less’’ toxic MOFs, we provide the associ-

ated pore properties as calculated using Zeo++.74

We tried to validate our models against experimentally re-

ported data. Due to the reduced incentive to publish negative re-

sults, most of the literature focuses on MOFs that perform well
Matter 8, 101958, March 5, 2025 11



Figure 4. Local interpretability of classifications

Using SHAP analysis, we explore features that make positive and negative contributions to the toxicity of the mIm and aIm linkers of ZIF-8 and ZIF-90,

respectively. Based on this analysis, we then demonstrate how a simple functionalization using an amide group may improve the safety of the linker.
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in vitro and in vivo, making the data inherently biased toward

highly biocompatible MOFs. Moreover, these analyses are

generally performed at small time scales and, typically, do not

include immunogenicity studies that could flag potential biocom-

patibility issues; to advance the translation of MOFs toward the

clinic, these will be required. Nonetheless, we thought it would

be a useful exercise to analyze whether themodel can accurately

predict the toxicity of experimentally reported MOFs. Notably

our prediction that the mIm linker in ZIF-8 is ‘‘less’’ toxic aligns

well with recent work by Alsaiari et al.,75 wherein it was shown

that the pH-triggered degradation of ZIF-8 into mIm facilitated

an inflammatory response associated with the production of

pro-inflammatory interleukin-6 (IL-6) cytokine. Furthermore, the

RF-based three-class classifier for the i.p. route predicted

the benzene-1,3,5-tricarboxylic acid linker in Cu-centered

HKUST-1 MOF, the tetrakis(4-carboxyphenyl)porphine linker in

Zr-centered PCN-222 MOF, and the benzene-1,4-dicarboxylic

acid linker in Zr-centered UiO-66 MOF as safe. On the other

hand, it classified the 1,3,6,8-tetrakis(p-benzoic acid)pyrene

linker in Zr-centered NU-1000 as toxic. Pursuant to these predic-

tions, and the potential toxicity of the metallic centers, HKUST-1

is predicted to be toxic, NU-1000 to be toxic, and PCN-222 and

UiO-66 to be largely safe for use in drug-delivery-related applica-

tions. Given the chemical similarity between PCN-222 and NU-

1000, the observation that NU-1000 is a potentially toxic MOF

is certainly interesting. To dig deeper, we, again, performed

SHAP analysis to understand features that made large contribu-

tions toward the classification (Figure 6A). The analysis indicates

that the low QED, planarity of the p system, and features corre-

sponding to the polarity (discussed in Figure 6A) significantly

contribute to the toxicity of the linker. Based on the performance

of unseen testing data, and these few examples, the model thus

proves to be broadly reliable. However, the scarcity of in vivo

MOF data prevents rigorous testing.

Taking things one step further, a combination of model

interpretability and linker modifications by leveraging domain

knowledge offers the possibility of the de novo design of biocom-

patible linkers and, by extension, biocompatible MOFs. Consid-

ering again the example of the linker with a pyrene backbone in

NU-1000, several of the features responsible for the toxicity clas-

sification relate to the EState (Figure 6A). Here, modifying the

2,7-positions of pyrenes offers the possibility of modulating elec-

tronic properties. For instance, 2,7-diazapyrenes have attracted

special interest owing to their intriguing electronic, photo-

physical, and supramolecular properties.76 In addition, the intro-

duction of fluorine into complex organic molecules—often as a

bioisostere for the hydrogen atom—is widely used in pharma-

ceutical chemistry due to its lipophilicity and extreme electro-

negativity.77,78 Consequently, by replacing the pyrene backbone

with 2,7-diazapyrene, coupled with the fluorination of the aro-

matic groups, we observed that the designed linker was pre-
Figure 5. Chemical landscape of linker characteristics of experimenta

(A–C) Landscape of chemical features projected on a two-dimensional map for

Clusters indicate linkers sharing high chemical similarity. The space enclosed aro

(D–F) Distributions of (D) largest cavity diameter (LCD), (E) accessible surface are

safe MOFs.

(G) Understanding the role of linker modifications on modulating safety profiles.
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dicted to be safe (Figure 6B). To probe the synthesizability of

the organic linker, we calculated the synthetic complexity score

(SCScore).79 The SCScore ranges from 1 to 5, with a higher

score implying that the molecule is more challenging to synthe-

size. Interestingly, the de novo designed linker had a similar syn-

thetic complexity compared to the linker present in NU-1000—

implying that the linker is synthetically accessible (Figure 6B).

Moreover, upon assembling a MOF structure with the oxo-Zr6
cluster and the designed linker using a topology-guided auto-

mated MOF construction algorithm,80 we obtained an NU-

1000-likeMOF, which is potentially more biocompatible while re-

taining porosity and being synthesizable (as estimated from the

SCScore) (Figure 6B).

In the bigger picture of the clinical translation of MOFs,

biocompatibility is undoubtedly a crucial consideration. An

equally important consideration is that of stability, under both

storage and physiological conditions. While, again, it is possible

to extract chemical trends related to stability based on chemical

intuition and experimental data, these may not be generaliz-

able—especially in biological contexts—due to the inherent

complexity of biological systems and the kinetic lability of the

metal-ligand bond. From a thermodynamic standpoint, MOF

degradation would depend on the strength of the metal-ligand

coordination bond. With regard to the kinetics of degradation,

the connectivity and shielding of the building unit is crucial.

The higher the connectivity, the lower the rate of substitution of

incoming species and, as a result, the slower the framework

decomposition.81 Similarly, rigid linkers require higher activation

energies for decomposition compared to flexible linkers.81,82 For

more in-depth discussions on stability, we refer readers to dedi-

cated reviews on this topic.81,82 Perhaps the most interesting

recent development with regard to the clinical translation of

MOFs is the advancement of external surface functionaliza-

tion—as briefly discussed earlier. These external surface modifi-

cations have improved colloidal stability, enable controlled

payload release, facilitate targeted delivery, and improve the

biocompatibility of MOFs.23 Current focus lies in the engineering

of the external surface modifications for facilitating endosomal

escape. With the exception of a few MOFs—such as ZIF-8 and

derivates—that show the proton sponge effect at acidic pH lead-

ing to the rupture of the endosomal membrane, most MOFs are

unable to escape the endosome, serving as another critical road-

block from a translational perspective.8 We anticipate that ad-

vances in external surface engineering can help navigate the

‘‘endosomal trap.’’ For a comprehensive discussion of external

surface modifications, we refer readers to our recent review.83

DISCUSSION

The translation of MOFs into clinical applications requires the

design of biocompatible MOFs. Indeed, new drug delivery
lly reported MOFs

(A) 1,590 Ag-centered, (B) 560 Ca-centered, and (C) 409 Zr-centered MOFs.

und the cluster (manually annotated) may serve to guide linker design choices.

a, and (F) accessible probe-occupiable volume of the experimentally reported

Here, we consider archetypal substituted imidazoles.



Figure 6. De novo design of biocompatible MOFs
(A) Despite a high chemical similarity to the linker of PCN-222, the linker of NU-1000was classified as toxic. SHAP analysis sheds light on features that made both

positive and negative contributions toward this classification. Analyzing these features in the context of the linker paves the way for incorporating strategies that

may improve the toxicity profile of the linker.

(legend continued on next page)
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systems must be de-risked as soon as possible to facilitate suc-

cessful clinical translation. While experiments are resource and

time intensive, classical modeling approaches fail to capture

the behavior of MOFs in biological systems and, therefore, the

fundamental understanding of what makes a MOF biocompat-

ible or toxic. Key insights from our investigations suggest that

it is feasible to leverage the precursor chemistry to gain predic-

tive insights into MOF biocompatibility. For the metallic centers,

we constructed a database of toxicity considering multiple

oxidation states normalized to the chloride salt as an ionic con-

trol and considering oral administration. For the organic linkers,

we developed robust and interpretable ML models based on

SVMs, RFs, and GBMs. The best-performing model evaluated

against multiple metrics gave an accuracy of over 80% on un-

seen data. Using the constructed database and ML models,

we screened the CSD containing over 86,000 non-disordered

MOF structures for potential biocompatible MOFs for drug

delivery, identifying safe and ‘‘less’’ toxic candidates, most of

which have well-defined synthesis protocols. Notably, our find-

ings, especially for the metallic center toxicity, largely agree

with recent research concerned with the clinical potential of

MOFs.28,29,84

By employing interpretable ML models, we have uncovered

crucial chemical features in organic linker molecules strongly

linked to toxicity at both global and local levels. These features

encompass the presence or absence of specific molecular frag-

ments, surface areas, partial charges, and more abstract char-

acteristics like drug-likeness. This analysis has allowed us to

propose general design strategies for creating MOFs with

enhanced biocompatibility. At a local level, we were able to

analyze the features that made large contributions to the toxicity

classification and propose design choices for making the linker

safer. In addition, guided by the principles of SbD, we have sur-

veyed the chemical space of experimentally reported MOFs to

pinpoint promising candidates and chemical feature domains

suitable for drug delivery applications. A crucial finding is that

MOFs commonly employed in drug delivery applications may

be substituted by potentially safer metallic centers such as Ag,

Ca, and Zr. It is important to note that material selection for

drug delivery involves various factors, including porosity, stabil-

ity, and solubility—briefly discussed in the present context—

which these MOFs with alternative metallic centers may not fully

address. However, techniques such as external surface func-

tionalization could offer effective solutions to mitigate these

concerns.

Most experimentally reported MOFs that were predicted to be

‘‘safe,’’ except for certain Zr-centered MOFs, lack the desired

porosity, posing a challenge for drug delivery applications where

ample pore volume is essential. This biocompatibility-porosity

trade-off in particular could be a potential translational hurdle.

This is because, in many cases, the drugs themselves are also

highly toxic. In such cases, looking at quantitative relationships
(B) Exploiting linker characteristics coupled with model interpretability facilit

accessibility. Here, replacing the pyrene backbone in NU-1000 with a 2,

enhances biocompatibility. The MOF assembled using the oxo-Zr6 node and

accessible.
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between efficacy and safety—usually captured using the ‘‘ther-

apeutic index’’ (TI)—provides useful guidelines.85 A strong trans-

lational potential necessitates a high TI, which in turn requires a

high porosity and low density to accommodate large quantities

of drugs in a small dosage ofMOF. This emphasizes the potential

of Zr-based MOFs for healthcare applications due to their high

biocompatibility and superior pore characteristics. It also under-

scores the necessity for theory-guided rational MOF design us-

ing the principles outlined in this study to create highly porous,

biocompatibleMOFs. Furthermore, the emergence of generative

artificial intelligence techniques in materials science will be a

valuable tool for achieving this goal.86,87

The idea of being able to predict the toxicity of a material from

its precursors is, by all means, a tool to select and shortlist ma-

terials. Since our models focus on composition, they do not

consider factors such as node connectivity or the presence of

defects. In realistic scenarios, several factors such as the

strength of bonds, particle size, morphology, and external sur-

face chemistry would also contribute to toxicity. Since final

MOF degradation is expected during or after the drug-release

process, our models here are meant for screening purposes of

their building blocks, with the intent of restricting the number

of MOF candidates that need to be experimentally tested. This

approach will help reduce associated costs, timescales, and

experimental burden and, more importantly, address the ethical

concerns pertaining to animal studies. These approximations are

also the reason we did not develop regression-basedmodels, as

quantitative predictions would rarely have any correlation to ob-

servations in realistic scenarios.32 Such approximations are not

uncommon tomost modeling approaches, such as density func-

tional theory and molecular dynamics, where strategies such as

force-field mixing and treating materials as a sum of their parts

are routinely employed.23,88–90

Having screened over 400 potentially safe and thousands of

‘‘low’’ toxicity candidates for drug delivery, we are optimistic of

the applicability of these materials at a clinical level. Looking to

the future, there are several ways these findings can be utilized.

These MOFs can be further screened using computational ap-

proaches for ideal properties such as surface chemistry and in-

teractions with therapeutic agents to shortlist candidates that

can be explored in-depth using experimental approaches. Alter-

natively, operating according to the design guidelines and within

the chemical spaces identified suggests the possibility of

discovering new MOFs for drug delivery applications. In either

case, the experimental outcomes can be used as feedback to

further optimize model performance. Looking toward clinical

translation, it would be critical to complement the understanding

of MOF biocompatibility with stability under biological contexts

and optimum drug release characteristics. This is because

MOFs with ideal safety profiles may have poor stability or

unfavorable loading or release characteristics—leading to a

balancing act between several competing factors. That being
ates the design of porous, biocompatible MOFs while ensuring synthetic

7-diazapyrene backbone, coupled with fluorination of aromatic groups,

this de novo-designed linker retains porosity while also being synthetically
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said, the landscape of MOFs is incredibly vast, with only a frac-

tion of it having been experimentally explored. Integrating recent

advances in the prediction of MOF stability,91 along with the

powerful capabilities of molecular simulation techniques to

calculate loading profiles,92 it is feasible to accelerate the navi-

gation of the MOF chemical space to expand the library of

biocompatible candidates for drug delivery applications.

METHODS

Details regarding the methods can be found in the supplemental

information.
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