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Determining the crystal structure is a critical step in the discovery of new functional materials. This process is time consuming and requires extensive human expertise in crystallography.

Here, we developed a machine learning based approach which enables to determine automatically if an unknown material is of perovskite type from powder X-ray diffraction patterns. After training a deep learning model on a dataset of known compounds, the structure types of new unknown compounds could be predicted using their experimental powder X-ray diffraction patterns. This strategy was used to distinguish perovskite-type materials in a series of new hybrid lead halides. After validation, our approach was shown to accurately identify perovskites (accuracy of 92% with convolutional neural network). From the identification of the key features of the patterns used to discriminate perovskite vs. non-perovskite, crystallographers could learn how to quickly identify low dimensional perovskites from X-ray diffraction patterns.

Introduction

The structure determination is crucial in the discovery of new materials. The crystal structure guides the materials' properties such as absorption, conductivity or magnetism. When the structure-property relationships are well established, chemists can predict the property from the crystal structure. This determination from X-ray diffraction typically consists in four steps: (i) indexing, (ii) determination of the space group, (iii) solving the structure and (iv) refining the structural model. This four-step process, which is time consuming and requires specific skills in crystallography, is often considered as the main bottleneck to accelerate the discovery of new materials. Recently, machine learning approaches have emerged to determine the symmetry (step (ii)) from their diffraction patterns. [1] However, the application of such methods are limited as the knowledge of the symmetry without any other information on the crystal structure is rarely useful for the prediction of properties. In other recent works, machine learning models have been shown to rapidly identify known compounds (or their symmetries) from their X-ray diffraction patterns. [2][3][4][5][6][7][8] However, no method has ever been reported to rapidly and efficiently identify structural characteristics of an unknown material from its powder X-ray diffraction pattern. Such method could pave the way to the development of high-throughput approaches to discover new materials.

To predict the properties, the information on the structure type of a new unknown material is very often sufficient. For example, hybrid lead halides of perovskite type have recently shown a great potential in optoelectronic applications owing to structure related properties such as defects tolerance, diffusion of exciton, .... [9][10][11][12][13][14][15] This discovery leads many research groups to reinvestigate the hybrid metal halide system in order to discover new low-dimensional hybrid perovskite compounds with enhanced properties (better chemical stability in solar cells, generation of white emission for solid-state lighting, …) (Figure 1). [13,14,[16][17][18][19][20][21] Synthesizing hybrid metal halides is a straightforward process which can be carried out in a highthroughput manner. [22,23] However, no feature in the diffraction patterns can be simply identified and used to discriminate perovskite from non-perovskite materials (the majority of hybrid lead halides) and identify interesting candidates for a specific property because the crystal structures of hybrid perovskites (especially the low dimensional ones) are very diversified. Such compounds can crystallize in 3D, 2D or 1D structures and many different categories of perovskite frameworks exist (see few examples for perovskites layers in Figure 1b). [24] For this reason, the discrimination between perovskite and nonperovskite type compounds currently requires the complete structure determination from X-ray diffraction. In this article, we demonstrated that Machine Learning (ML) models can be used to automatically determine whether an unknown compound is of a specific structure type and illustrated this approach with the hybrid perovskite system.

Results and discussion

Identification of perovskite structures by ML

To train ML algorithms at distinguishing between perovskite and non-perovskite structures, a preliminary step consisted in automatically sort perovskite and non-perovskite structures of hybrid lead halides from a dataset of crystallographic files extracted from the Cambridge Structural Database (see Experimental section and Figure S1). Each of these structures were identified as perovskite type or nonperovskite type using the definition by Mercier. [24] Thus, a perovskite-type compound can be 1D, 2D or 3D network built from only corner sharing PbX6 octahedra. Powder X-ray diffraction (XRD) patterns were simulated for each of these structures.

Concerning the convolutional neural network (CNN) approach (Figure 2 and Experimental section), the accuracy of our predictive approach was tested on 200 simulated powder patterns and reached a mean value of 0.92 (see Experimental section for details). An increase of the accuracy is observed when reducing the patterns data (i.e. increasing the step size -Figure S2). The accuracy for different XRD 2 ranges is compared in Figure 3a. This figure represents the result of CNN trainings with reduced 2 range XRD patterns as inputs (with lower and upper 2 range as indicating by the x-and y-axis, respectively). For small XRD ranges (results along the diagonal of Figure 3a), the accuracy remains close to the random weighted accuracy of 0.53. Three zones in the maps allow to better identify which XRD 2 ranges are of importance for the accurate discrimination of perovskite vs. non-perovskite. The zone 1 represented in Figure 3a is a region of high accuracy (> 0.85). The accuracy dropped significantly for XRD 2 ranges starting after ca. 16° or ending before ca. 16°. Thus, an important feature at 16° is required to obtain an accurate prediction. The zone 2 represented in Figure 3a is a region of moderate accuracy (≈ 0.75). This result shows that the important feature at 16° is not sufficient to discriminate accurately between perovskite and non-perovskite. The XRD 2 range should either start below 8° and includes the feature at 16° or includes the feature at 16° and ends above 22° (zone 1). Thus, three features are important for the CNN at ca. 8° (A), 16° (B) and 22° (C). The zones 2, 3 and 4 represented in Figure 3a are regions of moderate to low accuracies (< 0.75). These regions include only A (zone 3), B (zone 2) or C (zone 4). This result shows that the features A, B and C alone cannot discriminate accurately between perovskite and non-perovskite. The combination of features (zone 1 = A+B or B+C or A+B+C) leads to much higher accuracies. Thus, the analysis of the CNN results brings the following information:

(a) each of the three features is not sufficient by itself to accurately predicts the perovskite, (b) the feature B must be considered to optimize the accuracy but must be at least accompanied with either the feature A or C. In addition, the results of the confusion matrix (Figure 3b-e) show that the small ranges of data lead the CNN to predict systematically a non-perovskite (the number of true and false negatives are high while the number of true and false positives are low). The data ranges and step size can also be optimized in order to obtain a fast and accurate prediction. Thus, a high accuracy (≈ 0.85) can be obtained for a data range as small as from 8° to 17° and with a step size of 0.2-0.35°. Such XRD patterns could be collected within one minute with a lab diffractometer enabling a high-throughput characterization of the structure type for new materials.

To compare this deep learning approach with other ML models, a random forest (RF) model was developed and showed an accuracy of 0.89 at discriminating perovskite vs. non-perovskites. The evolution of accuracy versus the step size was analyzed (Figure S3). Similarly to the CNN model, an increase of the accuracy can firstly be observed from 0.02° (2) to 1.7°, reaching an optimal value of about 0.9 in the range from 1.7° to 5.4°, followed by a constantly decreasing accuracy reaching a value as low as the random weighted accuracy of 0.53. These evolutions of accuracies with step size are normal as reducing the pattern size (i.e., increasing the step size) can negatively impact the accuracy if the models cannot recognize some specific signatures but increasing the pattern size can also negatively impact the accuracy prediction if the model is not enough sophisticated. Thus, increasing the step size from 0.02° to ca. 5° allows the reduction of parameters without losing information and increases the performance of the RF model. However, reducing the parameters with a step size above 5° leads to an important loss of information and the decrease of the accuracy. Besides this, the RF model calculates, for each XRD pattern, the probability of the structure to be of perovskite type. The distribution of these probabilities were analyzed in Figure S4. From this analysis, one can note that the model is more efficient at predicting correctly non-perovskite structures than perovskite structures. This result was expected, as non-perovskite structures are more numerous in the dataset. In addition, we can note that predicting correctly perovskite structures is optimal for a step size in the range 2°-10° (in agreement with the optimal step size of 2.18° for the highest overall accuracy).

The feature importance profile (step size hyperparameter of 2.18°) for the random forest were evaluated and showed three ranges which have importance for the discrimination of perovskite vs. non-perovskite for this ML model: (i) from 9 Å to 11 Å (i.e. approximately from 8° to 10°(2)) equivalent to the feature A of the CNN, (ii) from 5 Å to 7 Å (i.e. approximately from 12.5° to 17.5° (2)) equivalent to the feature B of the CNN, and (iii) from 3 Å to 5 Å (i.e. approximately from 17.5° to 29.5°) equivalent to the feature C of the CNN (Figure 3f). This result is validated by the analysis of the feature importance according to the step size and the data range (Figure S5 and S6 respectively). Using the full data from 3° to 50°, the three features A, B and C are shown to be important for the accuracy of the discrimination. When data from 3° to 12° are excluded (i.e. feature A is excluded), the feature importance features only includes B and C. When data from 3° to 17° are excluded (i.e. features A and B are excluded), the feature importance only includes C. 

Signification of the important XRD features identified by ML

The accuracy of both approaches is relatively high (about 90%). In addition, both strategies enable to interpret the automatic sorting of perovskite vs. non-perovskite. To unravel what the three important features A, B and C identified by the ML models correspond to, the powder X-ray diffraction patterns of all compounds have been summed up according to the halogen and the structure type (i.e. perovskite or non-perovskite) (Figure 4a-b). We can observe for the perovskite patterns the appearance of a large peak, shifting from about 16° to 14° from Cl to I halogen respectively. These peaks can be assigned to the feature B and correspond respectively to interplanar spacings of 6.30 Å, 5.88 Å and 5.52 Å. In addition, the non-perovskites summed patterns show an unresolved broadband from about 5° to 15° (i.e. were considered. For each structure, the frequency of Pb-Pb distances in each group is quantified and normalized. Then, the decision tree classifies perovskite vs. non-perovskite according to the frequency of Pb-Pb distances of each group. From this result, one can observe that only two groups (]3 Å , 5 Å] and ]5 Å , 7 Å]) have a significant importance for the classification (Figure 5d). More precisely, if a significant frequency of Pb-Pb distances is reported in the group ]3 Å , 5 Å], the structure is classified as non-perovskite. If this frequency remains low in ]3 Å , 5 Å] and the frequency is relatively high in ]5 Å , 7 Å], the structure is classified as perovskite. However, if the frequency remains low in ]3 Å, 5 Å] and the frequency is relatively low in ]5 Å , 7 Å], the structure is classified as non-perovskite. This classification agrees with the statistical analysis of minimum Pb-Pb distances (Figure 5a-c) and enables to rationalize the CNN and the RF classification from XRD patterns in the regions from 3 Å to 5 Å corresponding to the feature C and from 5 Å to 7 Å corresponding to B. However, the feature A (region from 9 Å to 11 Å) cannot be explained on the basis of this analysis of Pb-Pb distances (Figure 3f). This region corresponds to large interplanar spacings and cannot be related to minimum distances between atoms of the crystal structure. Instead, such region would be directly related to general information on the crystal lattice such as the unit-cell and the symmetry. Thus, a statistical analysis on the unit-cell volume and symmetry (crystal system and space-group) was performed (Figure 5e-f and Figure S7).

Such analysis shows that the non-perovskite structures are more likely to exhibit large unit-cells and lower symmetries than perovskite structures. Such differences would result in the presence of more XRD peaks at low angles for non-perovskite than for perovskite. This explanation is also confirmed through the observation of the summed XRD patterns of non-perovskites in which a broadband peak is observed at low 2 angles. Thus, the CNN and RF algorithms would use the information at low angle (feature A) corresponding to statistical differences in symmetry and unit-cell volume to classify non-perovskites vs.

perovskites. It is also interesting to add that the three features identified by the ML models are not correlated to each others.

In order to confirm our assignments of each of the three features (A to non-perovskite, B to perovskite and C to non-perovskite), a dataset of 100 XRD patterns was built and analyzed by a scientist. Using this assignment, the scientist correctly discriminated the perovskites vs. non-perovskites with an accuracy of 72 %. Even if this performance is lower than the one of ML (the mathematical models statistically weight the key features leading to more accurate predictions than humans can do), these results further confirm the right assignments of A, B and C. In addition, it is important to note that, prior to this identification of the three features using the ML models, the discrimination of perovskites vs. non perovskites from powder XRD patterns was not be possible without a time consuming structure determination. 

Performances on experimental XRD data

In addition to the tests on 200 simulated XRD patterns, the ML approaches were further validated on experimental XRD data. For this purpose, the XRD patterns of 23 freshly synthesized samples were collected (Table S1). Nine were previously published compounds (i.e. reported in the CSD) while 14

were new compounds with unknown crystal structures. The crystal structures of these unknown compounds were determined through traditional structure determination from the single-crystal or synchrotron powder X-ray diffraction patterns (Figure S8 andS9). For the structure type identification, a Savitzky-Golay smoothing was used with the same parameters for all experimental raw patterns to remove the noise and background signal using Origin 2020 software (Figure S10 

Conclusion

In summary, the identification of the perovskite structure types from the powder X-ray diffraction patterns of hybrid lead halides was carried out through RF and CNN models. The analysis of feature importance and the structural characteristics of perovskite structures vs. others allows to identify the XRD peaks which enable to discriminate perovskites vs. non-perovskites. The distances between Pb ions as well as volume of unit-cell are identified as a key structural factors related to the diffraction peaks of importance for the ML. Thus, we believe such ML approaches of identification of perovskites could be generalized to other chemical systems and structure types. Not only these techniques can be used to automatically identify the structure types from rapidly collected XRD patterns but the identification of the important features also enable to augment the scientists' ability in discriminating between different structure types of new materials.

Experimental Section

Machine learning: The dataset built in 2020 consists in 998 crystal structures from the Cambridge Structural Database. Pymatgen and Robocrystallographer python libraries were used to sort perovskites and non-perovskites. [25,26] Pymatgen enabled to create the structures from the CIF to automatically identify the atomic neighbors of Pb atoms while Robocrys identified how the PbX6 octahedra were linked to each other's (i.e. isolated, corner-sharing, edge-sharing or face-sharing). From these characteristics, perovskite and non-perovskite could be automatically sorted with the following rule: A perovskite-type compound must be built from only corner sharing PbX6 octahedra. Compounds with edge-sharing, face-sharing, or isolated PbX6 octahedra are not perovskites. The correctness of this sorting was validated manually. The resulting datasets are composed of 375 perovskite-type compounds (50 chlorides, 105 bromides and 220 iodides), and 623 non-perovskite-type compounds (58 chlorides, 139 bromides and 426 iodides) (Figure S1). The powder X-ray diffraction pattern for each compound of our database was simulated from 3.5° to 50° 2 using the freely available software package xrayutilities considering a Cu K radiation (the most commonly used radiation for powder Xray diffraction). [START_REF] Kriegner | Xrayutilities[END_REF] Two supervised classification machine learning algorithms were investigated and compared: (i) the convolutional neural network (CNN) using Tensorflow (Python library), [START_REF] Tensorflow | [END_REF] and Keras API, [START_REF] Chollet | Keras[END_REF] and (ii) the random forest (RF) using Scikit-Learn (Python library). [START_REF] Pedregosa | [END_REF] For both approaches, the training and test datasets represented 80% (798 structures) and 20% (200 structures) of the data, respectively. Concerning the deep learning approach, the CNN is composed of 23 layers (Figure 2) and simulated patterns act as 1dimensional input for this convolutional strategy. The kullback-Leibler divergence was used as loss function with an Adam optimization. A training with a batch size of 20 samples and maximum epoch of 30 was carried out using an early-stopping function to avoid overtraining.

To obtain a reliable accuracy value, the training of the CNN was repeated ten times for each step size. Concerning the RF approach, a 5-fold cross-validation coupled with a randomized search (1000 iterations) approach was used to tune the hyperparameters and optimize the model.

An optimal mean accuracy for the test dataset of 0.89±0.03, which is slightly lower than the CNN performance, is obtained over the 5-fold cross-validation for the best iteration corresponding to the five following hyperparameters (four hyperparameters from the random forest and one custom-built hyperparameter): (i) Number of trees: 100, (ii) Maximum number of levels in tree: 10, (iii) Minimum number of samples on a leaf: 2, (iv) Minimum number of samples to split a node : 10, (v) Step size for the XRD patterns (customized one) :2.18°. The step-size custom-built hyperparameter is constructed by reducing the XRD pattern data while preserving its overall shape. The analysis of accuracy vs. step-size (Figure S3) was carried out by maintaining all other hyperparameters constant (number of trees: 100, maximum number of levels in tree: 10, minimum number of samples on a leaf: 2, minimum number of samples to split a node: 10 constants). Structure determination: The crystal structures of the new hybrid metal halide compounds have been determined through single-crystal X-ray diffraction, laboratory/synchrotron powder X-ray diffraction. For structures determined by single-crystal X-ray diffraction, data were collected on a Bruker-Nonius Kappa CCD diffractometer with monochromated Mo K radiation.

Absorption corrections were carried out with SADABS. [31] Direct methods were used to determine the crystal structures with SHELXT. [32] The refinement of the crystal structures with anisotropic displacement parameters was carried out using SHELXL-2013. [33] The CIFs were compiled with Olex2.12. [34] Additional symmetry elements were checked with the program PLATON. [35] For structures determined by powder X-ray diffraction, synchrotron data were collected at the CRISTAL beamline of the synchrotron SOLEIL using the 2 circle diffractometer equipped with the Mythen detector ( λ = 0.72844 Å). Each PXRD pattern was collected in a transmission mode (Debye-Sherrer) in a capillary (diameter of 0.7 mm). The 2θ angular range is 1° -70° and the total counting time is 2 minutes. LaB6 was collected in similar conditions to refine the wavelength value and extract the instrumental function. Laboratory data were collected on a D8 Bruker diffractometer with the CuK-L3 radiation (Ge (111) monochromator) and a Lynxeye 1D detector in the 5-90° 2θ range. The unit cell parameters of each compound were indexed using the X-Cell algorithm of the Materials Studio program. [36] The inorganic part of the structure was obtained by direct methods using EXPO 2014, [37] and when it is possible the organic part was solved under the form of a rigid body using the direct space methods (simulated annealing) implemented in the Reflex Module of materials studio (BIOVIA). The final Rietveld refinement of the solved structures was performed using the Fullprof_Suite package. [38] The unit cell parameters and the structural features of each compound are reported in Table S1 

Figure 1 .

 1 Figure 1. Representation of the perovskite structure type. (a) View of the 3D ABX3 perovskite structure and (b) Examples of perovskite type layers.

Figure 2 .

 2 Figure 2. View of the architecture of the convolutional neural network used to classify perovskite vs. non-perovskite from the X-ray diffraction patterns.

Figure 3 .

 3 Figure 3. ML approach on the classification of perovskite vs. non-perovskite., a. Accuracy of the CNN prediction according to the range of XRD patterns (2) in the dataset, b. CNN confusion matrix True Negative according to the range of XRD patterns (2) in the dataset, c. CNN confusion matrix False Positive according to the range of XRD patterns (2) in the dataset, d. CNN confusion matrix False Negative according to the range of XRD patterns (2) in the dataset, e. CNN confusion matrix True Positive according to the range of XRD patterns (2) in the dataset, f. Feature importance of the XRD patterns (d-spacing (Å)) for the classification from random forest (Step: 2.18°(2)).

interplanar spacing from 8 Å

 8 to 17.6 Å) assigned to the feature A and a broad peak from about 17.5° to29.5° (i.e. interplanar spacing from 3 Å to 5 Å) assigned to feature C. In the XRD patterns, the most intense diffraction peaks are associated to the crystallographic planes within which the electron density variations are maximal relatively to other planes. Thus, the plane should be dense in atoms and these atoms should have a high scattering factors. As the scattering cross sections are larger for heavier atoms, the most intense peaks on the diffraction patterns are the ones related to the distance between crystallographic planes of Pb atoms for the hybrid lead halides (Figure4c). For this reason, we decided to analyze the statistics of Pb-Pb distances in the crystal structures of the datasets Perovskites and Nonperovskites. The Pb-Pb distances were calculated using the CSD Python API. While the mean minimum Pb-Pb distances for perovskites are between 5.7 Å to 6.3 Å according to the used halogens, the mean minimum Pb-Pb distances are around 4.2 Å for non-perovskites (Figure5a-c.). For the non-perovskites group, some compounds with large Pb-Pb distances are also reported. These distributions can be explained by a simple analysis of the structural characteristics of each group. While perovskites are built from corner sharing PbX6 octahedra, non-perovskites are typically built from either face-sharing (Short Pb-Pb distances), edge-sharing (Short Pb-Pb distances) or isolated PbX6 octahedra (Long Pb-Pb distances).

Figure 4 .

 4 Figure 4. Relationships between the structural characteristics and the feature importance of the XRD patterns. a. Sum of all X-ray diffraction patterns of perovskite type compounds according to the halogen, b. Sum of all X-ray diffraction patterns of non-perovskite type compounds according to the halogen, c. Simulation of the XRD pattern of a layered (100) perovskite structural model. The most intense peak corresponding to dense crystallographic planes of PbBr atoms is an important feature for the ML to discriminate between perovskite and non-perovskite.

Figure 5 .

 5 Figure 5. Structural analysis of perovskite vs. non-perovskite. a. Minimum Pb-Pb distances in the crystal structures of hybrid lead chlorides, b. Minimum Pb-Pb distances in the crystal structures of hybrid lead bromides, c. Minimum Pb-Pb distances in the crystal structures of hybrid lead iodides, d. Decision tree for the classification of perovskite vs. non-perovskite using ranges of Pb-Pb distances from (i) 3 Å to 5 Å and (ii) from 5 Å to 7 Å, e. Classification of perovskite vs. non-perovskite according to the crystal system, f. statistical analysis of the unit-cell volumes.

  and S11). Of the 23 synthesized samples, the classification through RF and CNN reached an accuracy of 0.78 and 0.73 (mean value, see Figure6), respectively. Thus, these accuracies remain relatively high even if different effects (e.g. preferential orientation, different signal / noise ratio, …) could have impacted the classification based on experimental datasets.

Figure 6 .

 6 Figure 6. Evolution of the accuracy according to the step size of the XRD patterns for the CNN model on the experimental XRD patterns.

  Accuracies and feature importances obtained for RF by modifying the 2 range of the XRD pattern are calculated with 'RF-databegin.ipynb', and results are provided in the folder 'perov-files\data\processed\data-RF-begin'.Synthesis of hybrid lead halides:To evaluate the ML performances on experimental XRD powder patterns, 23 samples were synthesized. The compounds were synthesized by mixing HX (HCl, 37%, HBr 48% or HI 57%) with an amine and a Pb source (Pb metal, PbCl2, PbBr2 or PbI2): Compound 1 -120 mg Pb and 145l 4-(Aminomethyl)piperidine in 10mL HI at room temperature. Compound 2 -120 mg Pb and 147L N,N,N' -Trimethylethylenediamine in 10mL HI at room temperature with addition of ethanol for precipitation. Compound 3 -120 mg Pb and 123 L 4-Aminopiperidine in 10mL HBr under reflux. Compound 4 -120 mg Pb and 123 L 4-Aminopiperidine in 10mL HI at room temperature. Compound 5 -120 mg Pb and 145 L 4-(Aminomethyl)piperidine in 10mL HCl at room temperature. Compound 6 -120 mg Pb and 123 L 4-Aminopiperidine in 10mL HCl at room temperature with addition of ethanol for precipitation. Compound 7 -120 mg Pb and 432 mg 1,4-Diazobicyclo-[2,2,2]-octane in 10mL HBr at room temperature. Compound 8 -120 mg Pb and 282 L (2-Methylbutyl)amine in 10mL HBr at room temperature. Compound 7 -120 mg Pb and 432 mg 1,4-Diazobicyclo-[2,2,2]-octane in 10mL HBr at room temperature. Compound 9 -120 mg Pb and 282 L (2-Methylbutyl)amine in 10mL HI at room temperature. Compound 10 -120 mg Pb and 147 L N,N,N' -Trimethylethylenediamine in 10mL HBr at room temperature with addition of ethanol for precipitation. Compound 11 -120 mg Pb and 229 L Piperidine in 10mL HI at room temperature. Compound 12 -120 mg Pb and 229 L pyridine in 10mL HBr at room temperature with addition of ethanol for precipitation. Compound 13 -120 mg Pb and 91 L pymiridine in 10mL HI at room temperature with addition of ethanol for precipitation. Compound 14 -200 mg PbCl2 and 125 mg 1,2 aminoethylpiperazine in 10mL HCl at room temperature with addition of ethanol for precipitation. Compound 15 -200 mg PbBr2 and 125 mg 1,2 aminoethylpiperazine in 5mL HBr at room temperature with addition of ethanol for precipitation. Compound 16 -1 g Pb and 1 g trans-2,5-dimethylpiperazine in 20mL HBr under reflux. Compound 17 -1 g Pb and 1 g trans-2,5-dimethylpiperazine in 20mL HCl under reflux. Compound 18 -1 g PbCl2 and 1 ml 2,2'-(ethylenedioxy)bis(ethylamine) in 20mL HCl. Compound 19 -139 mg PbCl2 and 180 mg 4,4'-Azopyridine in 10 mL HCl under reflux and with addition of ethanol for precipitation. Compound 20 -184 mg PbBr2 and 100 mg 4,4'-Azopyridine in 10 mL HBr under reflux and with addition of ethanol for precipitation. Compound 21 -230 mg PbI2 and 180 mg 4,4'-Azopyridine in 10 mL HI under reflux and with addition of ethanol for precipitation. Compound 22 -500 mg Pb and 500 L methylamine in 3 mL HCl in an autoclave (180°C for 24 H / cooling ramp at 10°C /hour). Compound 23 -500 mg Pb and 500 L methylamine in 1 mL HBr in an autoclave (180°C for 24 H / cooling ramp at 10°C /hour).

  Data and code availability: The data are provided in the SI in the folder 'perov-files\data'. Cif files from CSD can be found in the folder 'perov-files\data\raw', experimental XRD patterns in the folder 'perov-files\data\external' and calculated features and ML results in the folder 'perov-files\data\processed'. The files provided in the folder 'perov-files\data\interim' were used to obtain the halide label and to eliminate duplicate structures. Codes are provided in the folder 'perov-files'. 'build_features.py' and 'Features-calc.ipynb' calculate the different structural features. The accuracies for the CNN for simulated and experimental patterns were obtained with'cnn-10training.ipynb'. Results for the different trainings and different step sizes are in the folder 'perov-files\data\processed\data-CNN'. Confusion matrices for CNN are obtained with 'CNN-model.py'. As this calculation is very time-consuming, this code has been parallel processed using bash command (CNN_bash.sh and command line in CNN-bashcommand.txt). Results of this code are on 'CNN-results.txt'. Pb-Pb distances and decision trees are obtained with 'PbPbdist.ipynb' and 'PbPb-histo-tree.ipynb' respectively. The optimal hyperparameters, accuracies and feature importances for different step sizes, as well as optimal accuracy for experimental patterns for RF model are obtained with 'RF-red.ipynb'. The calculated feature importances are provided in the folder 'perovfiles\data\processed\data-RF'.

  and FigureS9. CCDC 2168613-2168613 and 2168619 contain the supplementary crystallographic data for this paper. These data can be obtained free

	of	charge	from	The	Cambridge	Crystallographic
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