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Metal-organic frameworks (MOFs) are a diverse class of porous materials composed of inorganic 15 

nodes joined by organic linkers, currently under investigation for a wide range of applications 16 

including gas storage and separation where they have been commercialized.1–3 Given the labor-17 

intensive nature of synthesizing and testing individual MOFs, high-throughput computational 18 

screening and machine learning (ML) methods are increasingly viewed as essential for facilitating 19 

MOF development.4–6 However, the structural fidelity of the “computation-ready” MOF databases 20 

used in such studies remains largely unquantified. We introduce MOSAEC, an algorithm that 21 

detects chemically invalid structures on the basis of metal oxidation states. MOSAEC was 22 

manually validated against ~16k MOF structures from the popular CoRE database, and was found 23 

to flag erroneous structures with 95% accuracy. Systematic examination of 14 leading 24 

experimental and hypothetical MOF databases containing >1.9 million MOFs reveals concerning 25 

structural error rates, exceeding 40% in most cases. 26 

Owing to their highly tailorable and modular nature, the MOF chemical space is vast and 27 

growing. Estimates indicate over 100k MOFs have been synthesized to date,4 and millions more 28 

hypothetical MOFs (hMOFs) have been constructed in silico.7–9 To facilitate high-throughput 29 

computational workflows, MOF structures must be collected, curated, and preprocessed to render 30 

them “computation-ready”. Such curated datasets provide the raw material for hundreds of data 31 

driven studies, evidenced by rapidly increasing citations of “computation-ready” MOF databases, 32 

nearly 300 annual citations in 2023 (Figure 1). This represents a large and growing body of work 33 

relying on “computation-ready” databases with the implicit assumption that the structures therein 34 

are chemically reasonable.  35 

  36 

Figure 1. Citations of  ‘computation-ready’ MOF database papers5,9–39 since 2012. 37 
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However, manual validation of a representative  sample of structures is not a requirement 38 

to publish a “computation-ready” database, and the fidelity of these MOF databases has been 39 

increasingly questioned,  particularly the most widely cited CoRE databases which contain 40 

experimentally characterized structures taken from the CSD and automatically processed to 41 

prepare them for computation.12,40–44 A commentary from Zarabadi-Poor and Marek42 highlighted 42 

that the automated structure processing can overlook or even introduce structural errors. Chen and 43 

Manz43 screened the CoRE-2019 MOF database for specific errors including overlapping atoms 44 

and select bonding irregularities, flagging 25% as problematic. Gibaldi et al. manually examined 45 

the structural building units (SBUs) used in hMOF construction and discovered error rates as high 46 

as 50% in the inorganic SBUs.12 Despite these concerns, it is common practice to use 47 

‘computation-ready’ databases ‘as-is’, without accounting for structural fidelity. 48 

 49 

Figure 2. Juxtaposed chemical representations of the “computation-ready” and true 50 
reported structures for two CoRE-2019 MOFs: (a-b) SEYDUW, and (c/d) DUNXUH.  51 

Through our own screening work, we encountered numerous structures given in these 52 

“computation-ready” databases with impossible or unlikely metal oxidation states (MOSs). For 53 

example, the CoRE structure SEYDUW_freeONLY (Figure 2a) has the yttrium center in a 7+ 54 

oxidation state, which is impossible given Y only has 3 valence electrons. An examination of the 55 

SEYDUW source publication45 reveals that the oxo-ligands (red in Figure 2a) in the CoRE 56 

structure should be aqua ligands. This error likely occurred because structures deposited in the 57 

Cambridge Structure Database (CSD), from which the CoRE structures are derived, are often 58 

missing protons due to known limitations in the X-ray diffraction technique.46 The correct structure 59 

shown in Figure 2b yields Y in its typical MOS (3+). Another “computation-ready” structure 60 

identified as problematic on the basis of MOS is the CoRE structure DUNXUH_freeONLY 61 
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(Figure 2c). The CoRE structure that is labelled as neutral framework gives Zn in the 3+ oxidation 62 

state, which is essentially unknown for stable Zn compounds. Examination of the source 63 

publication for DUNXUH47 reveals the MOF is an anionic framework balanced by imidazolium 64 

cations (Figure 2d).  If one includes the correct framework charge in computing the MOS of 65 

DUNXUH, then Zn carries the familiar 2+ oxidation state. Critically, neither 66 

SEYDUW_freeONLY nor DUNXUH_freeONLY were flagged as problematic in previous 67 

screenings of structural fidelity. 68 

While differences in the MOS may seem minor, they have significant consequences for the 69 

material’s electronic structure and can result in drastically different computed properties. For 70 

example, we found the erroneous SEYDUW_freeONLY to be a strong candidate for direct air 71 

capture of CO2, whereas the true structure is mediocre in this respect. Additionally, since 72 

SEYDUW_freeONLY presents an impossible MOS, it is essentially non-chemical. Errors of this 73 

kind in a MOF database are akin to a drug candidate database containing molecules with 6-74 

coordinate carbon atoms–they are not chemically valid and not synthetically accessible. Indeed, it 75 

is common practice among inorganic chemists to use the MOS heuristic to evaluate the feasibility 76 

of proposed structures or catalytic cycles. 77 

From the cases above and others encountered in our work, it became clear that impossible 78 

or unlikely MOSs could be used as a basis to algorithmically detect structural problems in MOFs 79 

that go undetected with traditional methods based on interatomic distances or carbon valence bond 80 

sums.48 With the wide diversity of chemical environments around the metal centers in MOFs, the 81 

challenge is to develop a robust and automated way to calculate the MOSs in any MOF which is 82 

both accurate and sensitive to errors in the structure “as-given”. There are several published 83 

methods, including accurate ML approaches, for predicting what the MOSs are expected to be, 84 

irrespective of structural errors. Existing methods are either based on empirical valence-bond sums 85 

derived from metal-ligand bond lengths or are ML models trained exclusively on known/valid 86 

MOSs.49–54 These methods cannot be used to identify structural errors because they would, for 87 

example, assign Y to be 3+ in both the erroneous and true SEYDUW structures (Figures 2a and 88 

2b) because Y is almost always found in the 3+ oxidation state. 89 
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We have developed a novel algorithm called MOSAEC (Metal Oxidation State Automated 90 

Error Checker), which is the first generalized method that computes the MOSs for a structure “as-91 

given” such that it can be used to detect problematic structures. MOSAEC considers the bonding 92 

environment at metal rather than the valence state of carbon and is therefore sensitive to otherwise 93 

undetectable errors such as those in Figure 2. Further, we have used MOSAEC to interrogate the 94 

structural fidelity of 14 computation-ready experimental and hMOF databases (Table 1) reflective 95 

of the current state of the field including older but widely cited datasets such as CoRE, as well as 96 

more recently published datasets reflective of contemporary developments in MOF structure 97 

curation. Over 1.9 million MOF structures have been evaluated with MOSAEC to answer the 98 

important question: what fraction of structures in published ‘computation-ready’ MOF databases 99 

have structural errors and are therefore not chemically valid? 100 

Table 1. List and brief descriptions of the “computation-ready” datasets screened in this study, 101 
including distinguishing labels used for discussion. 102 

label ref. yeara description 
CoRE-2019 23 2019 2019 CoRE database including structures unmodified from the CSD 
CoRE-2014 30 2014 2014 CoRE database 
CSD MOF 5,55 2021 Publicly available “computation ready” MOF set provided by the CSD 
QMOF 56 2021* DFT optimized experimental structures, some hMOFs recently added 
1D-MOF 13 2022 Set of experimental 1D coordination polymers 
Majumdar 15 2021 hMOF dataset targeting structural diversity 
Anderson-Gomez 57 2021 hMOF dataset targeting thermodynamic feasibility 
Wilmer 33 2012 hMOF dataset built with a “bottom-up” tinkertoy approach 
TobaCCo 9 2017 hMOF dataset built with a topology-based constructor 
Boyd-Woo 58 2014 hMOF dataset built with both bottom-up and topology-based methods 
ARC MOF 37 2023* Hybrid dataset compiled from existing databases 
MOFTransformer 8 2023 Set used to train the MOFTransformer model built with topology method 
StableMOF 35 2023 hMOF dataset targeting thermodynamic stability 
ODAC23 20 2023 Structures taken from CoRE + algorithmically defect-engineered MOFs 

aYear published. * indicates the dataset is continually updated.  103 

To validate the accuracy of MOSAEC’s ability to detect problem structures, we manually 104 

evaluated the publicly available portion of CoRE-2019 (ca. 16k MOFs) for structural errors.  49% 105 

of these structures were manually categorized as “good”, such that the structure matched that 106 

described in the source literature and 51% were determined to be “bad”, such that the structure 107 

differed from the literature description. Structures flagged as “bad” by MOSAEC were manually 108 

confirmed to be “bad” in 95% of cases. Structures flagged as “good” by MOSAEC were confirmed 109 
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to match the literature-reported structure in 86% of cases—indicating a high sensitivity but lower 110 

specificity. The lower specificity is attributed to cases where a structural error renders the ‘as 111 

given’ structure different from the literature, but the structure still has acceptable MOSs. This can 112 

occur for metals with multiple common oxidation states such as Fe or Mo. Nevertheless, high error 113 

sensitivity suggests that if MOSAEC flags a significant proportion of structures as “bad”, a dataset 114 

can be regarded as having low structural fidelity. Detailed discussion of the validation of 115 

MOSAEC is provided in the Supplementary Information. 116 

 117 

Figure 3. Error rates across 14 MOF databases. Databases composed solely or 118 
primarily of experimental structures are coloured black, databases of hMOFs purple, 119 
and hybrid (both experimental and hypothetical) databases colored red. Total number 120 
of MOFs per dataset indicated above corresponding bar. 121 

Figure 3 shows the structural error rate determined by MOSAEC for 14 computation-ready 122 

MOF databases. Overall, the error rates are alarming - over 40% for most databases. Concerningly, 123 

CoRE-2019, which remains the most widely cited and screened MOF database has an error rate of 124 

46%. This is nearly double the error rate of ca. 24% identified by Chen and Manz59 in their 125 

evaluation of CoRE-2019  (We note that 23% of the structures flagged as problematic by Chen 126 

were actually ‘good’ structures). Unfortunately, with such large error rates, any previous screening 127 

studies using these databases should be revisited considering that some of the ‘hits’ may contain 128 

structural errors and could be false positives. Additionally, large portions of chemical space, as 129 
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represented by the correct structures, remain unscreened. The impact of using databases with large 130 

error rates when training ML models is difficult to generalize as it will depend on how sensitive 131 

descriptors and/or target properties are to the structure errors among other factors. Unfortunately, 132 

one cannot predict the impact without retraining the model with a corrected dataset and comparing 133 

to results obtained with the original, flawed database. Thus, ML models trained on databases with 134 

large error rates should be revisited and possibly retrained on databases with erroneous structures 135 

excluded. 136 

Algorithmically curated experimental datasets with the lowest error rates, QMOF (4%) and 137 

1D-MOF (7%), arise from more cautious database construction workflows. Where the CoRE and 138 

CSD-MOF databases try to identify and repair errors (e.g. resolving disorder, restoring missing 139 

protons, etc.), QMOF and 1D-MOF outright exclude structures with potential errors and make 140 

minimal, if any, modifications to the original crystallographic information files (cifs). Indeed, 141 

modifications to the original cif often produce negative outcomes e.g., structures in CSD-MOF 142 

which underwent automatic proton restoration (denoted with the suffix “_H” in that dataset) have 143 

double the error rate of their unaltered counterparts. ARC-MOF, a hybrid dataset containing 144 

structures sampled from a variety of experimental and hMOF databases, also has a low error rate 145 

of 4%. Its low error rate is to be expected as a development version of MOSAEC was utilized to 146 

discard erroneous structures during database construction, details in SI. 147 

ODAC23 is also a hybrid dataset in that it contains ~5K experimental structures taken 148 

primarily from CoRE-2019, and an additional 3740 defect-engineered versions of the CoRE 149 

structures. Using these structures, ~40 million single point DFT calculations were performed with 150 

the intent of providing the training data for ML interatomic potentials.  We find that 50% of the 151 

DFT input structures used in ODAC23 are found to contain structural errors. A quick analysis 152 

reveals that the defect engineering algorithm was a significant source of structural errors.  For 153 

example, 62% of the structures that were ‘good’ prior to defect engineering, contained errors after 154 

the defects were introduced (see SI for further details). While modelling defects is increasingly 155 

viewed as important to correctly predicting the behavior of real MOF samples, it is important to 156 

maintain the chemical integrity of structures when introducing defects - charge balancing, for 157 

example, should be maintained. 158 
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The majority of hMOF datasets evaluated (purple in Figure 3) were built using SBUs 159 

extracted from the CoRE 2014/2019 databases. As such, it is not surprising that the hMOF database 160 

error rates generally exceed 40%, including the newest hMOF datasets evaluated - the 161 

MOFtransformer (70%) and Stable-MOF (48%) datasets. The Boyd-Woo and Wilmer-hMOF 162 

databases are not constructed from CoRE SBUs and have the lowest (though still high) error rates 163 

among pure hMOF datasets at 21% and 40%, respectively. Future work involving construction of 164 

hMOFs should consider using the HEALED database of SBUs12 or similarly validated SBU set 165 

for hMOF construction with care taken to account for the framework charge.  166 

Although the hMOF databases have alarmingly high error rates, this does not necessarily 167 

invalidate the results of the studies from which they originate. Take for example the Stable-MOF 168 

database. The datamining used to identify SBU combinations that yielded MOFs with high 169 

thermodynamic stability is likely still valid, as is the set of MOFs proposed (provided that the 170 

structures are corrected). However, any computational screening performed on the uncorrected 171 

database is likely to give false positives due to the structural errors. 172 

In summary, this study challenges the customary assumption that “computation-ready” 173 

MOF databases contain chemically realistic structures. Application of a novel MOS-based error 174 

screening algorithm on various MOF databases with >1.9 M structures (combined) demonstrated 175 

alarming error rates exceeding 40% in most databases including the popular CoRE databases. 176 

Utilization of these high-error databases without modification in subsequent computational studies 177 

is heavily discouraged to limit chemically unrealistic simulations. Further, results of previous 178 

studies employing error-stricken databases may require reconsideration in light of the pervasive 179 

structural errors. We find that the QMOF, 1D-MOF, ARC MOF, databases are relatively error-180 

free and should be used instead of the popular CoRE and CSD-MOF databases. Alternatively, 181 

MOSEAC provides a lightweight means to automatically detect and remove flawed structures 182 

from existing databases. Future construction of hMOF databases should use a validated SBU set, 183 

such as HEALED and any automated defect-engineering algorithms should be evaluated to 184 

determine if they introduce structural errors. These revelations regarding inadequacies pervading 185 

computational MOF databases arm researchers with the knowledge necessary to leverage the 186 
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power of high throughput screening and data driven approaches in a manner faithful to the true, 187 

experimental chemistry. 188 

Online Methods 189 

The detailed inner working of the MOSAEC algorithm will be the subject of another 190 

manuscript, but representative examples illustrating the core concepts and details of 191 

implementation are provided in the Supplementary Information. MOSAEC is freely available for 192 

non-commercial use upon request. Structures are flagged as problematic or ‘bad’ by MOSAEC if 193 

they feature one or more MOSs that are: i) impossible, ii) unknown, iii) non-integer, iv) zero, or 194 

v) improbable (<1% reported in that oxidation state for a given metal).  195 

Supplementary Information: The Supplementary Information is available free of charge at [doi 196 

link].  197 

 Details of the MOSAEC algorithm and validation are provided.  198 
 The manual validation sets used to check oxidation state accuracy, error sensitivity, and 199 

error flag accuracy. 200 
 A complete list of structures flagged by MOSAEC as being problematic in each 201 

databased screened in this work. 202 
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