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ABSTRACT

DATA MINING FOR METHANE ADSORPTION OVER METAL
ORGANIC FRAMEWORKS IN LITERATURE

A database containing 3000 data points for both gravimetric and volumetric CH,4
storage/delivery in metal organic frameworks (MOFs) was analysed using machine
learning tools via RStudio functions to extract knowledge for generalization. First, the
database was passed through the reprocessing stage to deal with the missing values and
inappropriate input variables. The cross-correlation analysis was also performed during
this stage as well and the correlated variables were determined. Then the optimization
process took place to find out the optimum conditions of the best models. First, the
database was reviewed to observe the basic trends and patterns. It was then analysed using
decision trees and artificial neural networks (ANN) to extract hidden information and
develop rules and heuristics for the future studies. Five-fold cross validations were used in
each analysis to test the validity of the models with data not seen before. Decision tree
analyses were carried out using six user defined descriptors and two structural properties,
separately. The crystal structure and the total degree of unsaturation were found to be the
effective user defined descriptors, whereas the pore volume and maximum pore diameter,
as structural properties, were sufficient to determine the MOFs having high CH,4
storage/delivery capacity. Moreover, a high pore volume is always required as expected. In
ANN analyses, models were performed by using the user defined descriptors and the
structural properties separately. It was observed that the user defined descriptors were not
sufficient to describe the CH,4 storage/delivery capacity of MOFs, whereas the structural
properties, especially pore volume, provided accurate CH, storage/delivery prediction with
low root mean square error (RMSE) and high coefficient of determination (R?) values.
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OZET

YAYINLANMIS MAKALELERDEN METAL ORGANIK YAPILARIN
METAN ADSORPSIYONU iCiN VERI MADENCILIiGI

Metal organik yapilar (MOF) iizerinde hem kiitlesel hem de hacimsel CH,4
depolama ve tagima igin 3000 veri noktasi igeren bir veri tabani, genellenebilir bilgiler
cikarmak i¢in RStudio ortaminda makine d6grenmesi araclari kullanilarak analiz edilmistir.
Veri tabani, oncelikle eksik degerler ve uygun olmayan giris degiskenleriyle basa ¢ikmak
icin yeniden isleme asamasimi geg¢mistir. Bu asamada capraz korelasyon analizi de
yapilmis ve iligkili degiskenler belirlenmistir. Sonra, en iyi modellerin kosullarini bulmak
icin optimizasyon siireci gerceklestirilmistir. Ilk olarak, veri tabani, temel egilimleri ve
modelleri gozlemlemek igin gbézden gecirilmistir. Daha sonra sakli bilgileri ortaya
cikarmak ve gelecekteki galigmalar i¢in kurallar ve modeller gelistirmek i¢in veri tabani,
karar agaclari ve yapay sinir aglar1 kullanilarak analiz edilmistir. Her analizde, daha 6nce
goriilmeyen verilerle modellerin gecerliligini test etmek icin bes kat capraz dogrulama
kullanilmistir. Karar agaci analizleri, alt1 kullanic1 tanimli tanimlayici ve iki yapisal 6zellik
kullanilarak ayr1 ayr1 gergeklestirilmistir. Kristal yapt ve MOF molekiiliiniin toplam
doymamishk derecesi, etkin kullanici tanimli tanimlayicilar olarak bulunurken, yapisal
ozellikler olarak gozenek hacmi ve maksimum gozenek ¢api, yiiksek CH, depolama ve
dagitma kapasitesine sahip MOFlar1 belirlemek i¢in yeterli olmustur. Beklendigi gibi her
zaman yiiksek bir gézenek hacminin gerekli oldugu gorilmiistiir. Yapay sinir aglari
analizleri, kullanici tanimli tanimlayicilar ve yapisal Ozellikler ayri ayr1 kullanilarak
yapilmistir. Kullanict tanimli tanimlayicilarin MOFlarin CH, depolama ve dagitma
kapasitesini tanimlamak i¢in yeterli olmadigi, yapisal Ozelliklerin, 6zellikle gozenek
hacminin, diisik RMSE ve vyiiksek R® degerleriyle dogru CH, depolama ve dagitma

tahmini sagladig1 gézlemlenmistir.



vii

TABLE OF CONTENTS

ACKNOWLEDGEMENTS ..ottt iv
A B ST RACT L e e nes v
OZET .ottt ettt bbbttt vi
TABLE OF CONTENTS ..ottt sttt vii
LIST OF FIGURES. .......co ettt e e e nae e IX
LIST OF TABLES ... .ottt e e XVi
LIST OF SYMBOLS ..ottt Xix
LIST OF ACRONYMS/ABBREVIATIONS ......cooeiiiiiiiceseeeee e XX
L INTRODUCTION . ....oiiiie ittt ettt e e sae e e snae e e nnae e e 1
2. LITERATURE SURVEY ..ottt ettt e snae e 3
2.1. Metal Organic Frameworks as AdSOrDENtS ..........cceveeveiieiie v 3
2.1.1. Late History in AdSOIDENTS. ........ccoveiieieiie e 3
2.1.2. Potential applications OFf MOFS ..........ccooiiiiirinieieeeee s 4
2.1.3. Volumetric and Gravimetric Uptakes..........ccooceierireninienieniene e 8
2.1.4. Deliverable Capacity and Storage Capacity.........c.cccccevvvevveveiieseese e 9

2.2. SYNTNESIS ROULES.......cuviiiiiiicie ettt ste e sra e 10
2.2.1. Conventional Hydrothermal/Solvothermal Synthesis.............c.ccocvvviene 10
2.2.2. Microwave-assisted SYNTNESIS.........cccoviiiiiiiiiie e 11
2.2.3. Sonochemical SYNTNESIS .......cc.ciieiiiicie e 12
2.2.4. Electrochemical SYNthesis.........c.cccceiiiiiiiiiiccie e 12
2.2.5. Mechanochemical SYNtNeSIS ..........ccoiiiiiiiie e 13
2.2.6. Comparative Studies on Synthesis ROULES ............ccocevvrieiieieninencicine 13

2.3. Data Mining ANAIYSES .......cviiiiiiieieiiieeee e 15
2.3.1. Linear and LOgiStiC REQIESSION ........ccvvveivieiiieiiee e 16
2.3.2. DECISION TTEES .....eiiiiiteeieeiie sttt ettt sttt sbe et reesbe e 17
2.3.3. Artificial Neural NetwWOrK .........ccccoiieiiiiiiie e 18

2.4. Data Mining Studies on Adsorption of CH; iIn MOFS ........cccccceviviiinininnnnen 20

3. COMPUTATIONAL WORKS ..ottt 22
3.1. Data Preparation .........ccooiiieiieeieiie ettt sttt 22
3.1.1. The Original Form of the Database.............cccvuevvivieiieene e 22

3.1.2. AdditioNal ParameterS ......eeeeeeee oo e e 22



3.1.3. The Final Databhase.........ccccveuerieiiniesiiesie e e 24
3.1.4. Reprocessing the Final Database...........ccccveveiveieiiieiiese e 26
3.1.4.1. Categorical Variables. .........ccccceeveiieiiiieseece e 26
3.1.4.2. Determination of Output Variable.............cccoiiiiiiiiine 27
3.1.4.3. Cross-correlation ANAlYSIS. .........ccoooiiiriiininiseeeeese s 28

3.2. Computational DetailS..........ccecueiiieiieiiiieseee e 32
3.2.1. Decision Tree ANAIYSIS .....cccccviieiieieiiece e 33
3.2.2. Artificial Neural Network Analysis .........cccccvivveieiieiieeie e 35

4. RESULTS AND DISCUSSION ....oooiiiiee et 44
4.1. Review and Pre-analysis of Databases............ccocvvririiiniiiiiesc e 44
4.1.1. For Gravimetric Databases.........ccccuvvreriieniii e 44
4.1.2. For Volumetric Databases.........ccoueieiiiieiiiisesiseeeie e 51

4.2. Data Mining ANAIYSES .......ccoiiiiiiiiiieiee e 53
4.2.1. For Gravimetric Databases ..........cccerviieiiiie i 54
4.2.1.1. CHy DEIIVEIY. ..ottt 54
4.2.1.2. CHa UPLAKE. .....oviiciieieice et 64

4.2.2. FOr VOIUMELric Databases .........c.cvveuerieieeieiiese e 68
O N O o VI L YT Y 69
4.2.2.2. CHa UPLAKE. .....oviiiiiiieieice e 73

4.3. Validating MOdEIS .........c.ccveiiiie e 77
5. CONCLUSION ..ottt e et e et e e e nnae e e nneeas 81
REFERENGCES ... ..ottt e e e e nnee s 83
APPENDIX A: FULL VERSION OF DECISION TREES.......cccccocvviviieiieieei 97

APPENDIX B: ALTERNATIVE ANN MODELS..........ccooiiiiiicee 107



LIST OF FIGURES

Figure 2.1. Basic construction units of MOF-5 [22].........cccooiiiiiiiiiiineeese e 4
Figure 2.2. Schematic representation of physisorption and chemisorption [29]. .................. 5
Figure 2.3. Setup for column measurements [30]........ccooeriiiiininiiieee e 5
Figure 2.4. a) PSA / VSA steps and pressure profiles [32], b) TSA cycle [12]. ......c.cc......... 6
Figure 2.5. Principle of membrane-based separation [39]........c.ccocviiininiiienc i 7

Figure 2.6. a) CH, uptakes at 65 bar b) CH, working capacities (between 5.8 and 65
bar) in both gravimetric and volumetric basis for the best robust MOF

MALEITAIS [D2]. . 9
Figure 2.7. CH, storage capacities of three best-performing MOFs [52]..........cccccvevveinnnnee. 10
Figure 2.8. Conventional solvothermal/hydrothermal synthesis of MOF [60]................... 11
Figure 2.9. Microwave-assisted solvothermal/hydrothermal synthesis of MOF [60]. ........ 11

Figure 2.10. Ultrasonic-assisted solvothermal/nydrothermal synthesis of MOF [60]......... 12

Figure 2.11. Electrochemical synthesis of MOF [60].........cccccceiiiiiiiii e, 12

Figure 2.12. Mechanochemical synthesis of MOF [60]. .........cccoooiiiiiiiininiinene e 13

Figure 2.13. a) The weather data and b) the corresponding simple decision tree [69]........ 17

Figure 2.14. Model complexity vs. model prediction error [72]. .......ccccoevivevviieniecrieseene 18



Figure 2.15. Real neuron vs. artificial neuron [9]........cccoeveiiiiniiiieee e 19
Figure 2.16. Simple neural network algorithm [9]. ..o, 20
Figure 3.1. The development of the database. ...........cccoeoeiiiiiiniiii 22
Figure 3.2. Plan for the decision tree analyses. .........ccccceiveieiiieiiese e 32
Figure 3.3. Plan for the artificial neural network analyses. ............ccoovveiiiineniininenen 32
Figure 3.4. Activation and learning functions tested in the models. ..........ccccccovvevviininnne. 37

Figure 3.5. Network topologies for gravimetric CH, delivery a) using user defined
descriptors b) using structural Properties. ........ocveverieereeieseeneeie e 41

Figure 3.6. Network topologies for gravimetric CH, uptake a) using user defined

descriptors b) using structural Properties. .........cceverveereeieseere e 41

Figure 3.7. Network topologies for volumetric CH, delivery a) using user defined

descriptors b) using structural Properties. .........cccocevveveivieieese e 42

Figure 3.8. Network topologies for volumetric CH4 uptake a) using user defined

descriptors b) using structural Properties. ..........cocvvevveeieeviiesree e 42

Figure 3.9. The ANN models for gravimetric CH4 delivery a) using user defined

descriptors b) using structural properties c) two-step model for CHy

delivery (user defined descriptors =» pore volume =» CH, delivery).............. 43

Figure 4.1. MPD vs. a) CH, delivery and b) CH,4 uptake with the change of pore

Figure 4.2. Metal type vs. a) CH, delivery and b) CH, uptake with the change of pore

AV/0] 18] 0 [T OO 46



Xi

Figure 4.3. CH, delivery vs. a.1) metallic percentage and a.2) N/O ratio; CH4 uptake
vs. b.1) metallic percentage and b.2) N/O ratio. .......cccccvevvievvecc e 47

Figure 4.4. Crystal structure vs. CH,4 delivery for the entire database on the basis of

€ACN METAL LYPE. ..o s 48

Figure 4.5. Crystal structure vs. CH, uptake for the entire database on the basis of each

MELAL LYPE. .. 49

Figure 4.6. Electronegativity ratio vs. CH, delivery involving a) entire database b) Cu-
based MOFs €) Zn-based MOFS. ........cccoveiieie e 50

Figure 4.7. Electronegativity ratio vs. CH,4 uptake involving a) entire database b) Cu-
based MOFs €) ZNn-based MOFS. .......c.cccvieiieiiiie e 51

Figure 4.8. MPD vs. a) CH, delivery and b) CH,4 uptake with the change of pore

1701 1010 LT TR TTRTTRRRRTRRRTRTT 52

Figure 4.9. Pore volume vs. a) CH, delivery and b) CH, uptake with the change of
[0 1= 0TS 2O SR PSP 53

Figure 4.10. Simplified form of gravimetric CH, delivery classification tree developed

by using user defined deSCHIPLOIS. ...ccviiiieiie i 58

Figure 4.11. Simplified form of gravimetric CH, delivery classification tree developed

by using structural PrOPerties. .........cooviiiieieierese e 59

Figure 4.12. Actual versus predicted gravimetric CH,4 delivery values from ANN
model constructed with user defined descriptors a) for training dataset and
D) fOr teStING AALASEL. .....c.veiiecee e 61



Figure 4.13. Actual versus predicted gravimetric CH4 delivery values from ANN

model constructed with structural properties a) for training dataset and b)

FOr teStING JALASEL. ....c.vveeeciice e

Figure 4.14. Actual versus predicted gravimetric CH4 delivery values from ANN

model constructed with pore volume only a) for training dataset and b) for

tESTING ALASEL. .....veveeie e

Figure 4.15. a) Linear regression model and corresponding best fit b) Actual versus

predicted gravimetric CH,4 delivery values for entire database. ......................

Figure 4.16. The results of two-step ANN model as actual versus predicted values; for

predicting pore volumes a) training dataset b) testing dataset; for

predicting CH, delivery values c) training dataset and d) testing dataset........

Figure 4.17. Simplified form of gravimetric CH, uptake classification tree developed

by using user defined deSCHIPLOIS........cccvviieereeie e

Figure 4.18. Simplified form of gravimetric CH, uptake classification tree developed

by USiNg Structural ProPerties. .........ccoveieeieiieie e

Figure 4.19. Actual versus predicted gravimetric CH4 uptake values from ANN model

constructed with user defined descriptors a) for training dataset and b) for

TESTING UALASEL. ....evveeiec et

Figure 4.20. Actual versus predicted gravimetric CH4 uptake values from ANN model

constructed with structural properties a) for training dataset and b) for

TESTING UALASEL. ....evveeiec et

Figure 4.21. Simplified form of volumetric CH,4 delivery classification tree developed

by using user defined deSCrIPLOrS. ........ccvveiiiiiieiie e

Xii

.62

.63



Xiii
Figure 4.22. Simplified form of volumetric CH,4 delivery classification tree developed

by USINg Structural ProPerties. .........ccoveveiieeieeie e 71

Figure 4.23. Actual versus predicted volumetric CH,4 delivery values from ANN model
constructed with user defined descriptors a) for training dataset and b) for

TESTING ALASEL. .....eeveeieccce e e 72

Figure 4.24. Actual versus predicted volumetric CH,4 delivery values from ANN model
constructed with structural properties a) for training dataset and b) for
LEC L T [ Fo U =] PSSR 72

Figure 4.25. Simplified form of volumetric CH,4 uptake classification tree developed

by using user defined deSCHIPLOIS. ......c.civiieiieie e 74

Figure 4.26. Simplified form of volumetric CH,4 uptake classification tree developed

by using structural ProPerties. .........cocveieiiieieeie e 75

Figure 4.27. Actual versus predicted volumetric CH, uptake values from ANN model
constructed with user defined descriptors a) for training dataset and b) for

tESTING ALASEL. .....eeveeiecc e 76

Figure 4.28. Actual versus predicted volumetric CH,4 uptake values from ANN model
constructed with structural properties a) for training dataset and b) for

TESTING UALASEL. ...eivveeiic e 76

Figure A.1. Decision tree constructed with all user defined descriptors (including

atomic radius and group number) for gravimetric CH, delivery. ..................... 97

Figure A.2. Decision tree constructed by using user defined descriptors for gravimetric
(08 0 [ LT YRS SSRSN 98

Figure A.3. Decision tree constructed by using structural properties gravimetric CH,

[0 1= LY o SRS 99



Xiv
Figure A.4. Decision tree constructed by using pore volume only for gravimetric CH,
(0 L= LY o USRS 100

Figure A.5. Decision tree constructed by using user defined descriptors for gravimetric
CHa UPLAKE. ..ottt e e 101

Figure A.6. Decision tree constructed by using structural properties gravimetric CH,
0] 0] 221N USSR 102

Figure A.7. Decision tree constructed by using user defined descriptors for volumetric
CHy AEIIVEIY ... 103

Figure A.8. Decision tree constructed by using structural properties volumetric CH,
AEIIVEIY. .ot 104

Figure A.9. Decision tree constructed by using user defined descriptors for volumetric
CHu UPTAKE. ...t 105

Figure A.10. Decision tree constructed by using structural properties volumetric CH,4
0] 0] 221N PSS OPPR 106

Figure B.1. Actual versus predicted gravimetric CH, delivery values from ANN model
constructed with user defined descriptors (excluding electronegativity

ratio) a) for training dataset and b) for testing dataset. ...........c.ccccevvvvveireennn. 107

Figure B.2. Actual versus predicted gravimetric CH, delivery values from ANN model
constructed with pore volume only a) for training dataset and b) for testing
HALASEL. ...ttt 107

Figure B.3. Actual versus predicted gravimetric CH,4 uptake values from ANN model
constructed with user defined descriptors (excluding electronegativity
ratio) a) for training dataset and b) for testing dataset...........cccccevvevvviiveennen. 108



XV

Figure B.4. Actual versus predicted gravimetric CH, uptake values from ANN model
constructed with pore volume only a) for training dataset and b) for testing
0L L USSP 108

Figure B.5. Actual versus predicted volumetric CH, delivery values from ANN model
constructed with user defined descriptors (excluding electronegativity

ratio) a) for training dataset and b) for testing dataset. .............ccccceevevvernnnen. 109

Figure B.6. Actual versus predicted volumetric CH, delivery values from ANN model
constructed with pore volume only a) for training dataset and b) for testing
0L 1 S RSSO 109

Figure B.7. Actual versus predicted volumetric CH4 uptake values from ANN model
constructed with user defined descriptors (excluding electronegativity

ratio) a) for training dataset and b) for testing dataset. .............c.ccceevevernenne. 110

Figure B.8. Actual versus predicted volumetric CH4 uptake values from ANN model
constructed with pore volume only a) for training dataset and b) for testing
0 F 1 L TSSOSO PPTR PSRRI 110



XVi

LIST OF TABLES
Table 2.1. ACtiVation TUNCHIONS. ..o 20
Table 3.1. Calculated input variables.............ccoveiiiieiiece e 23
Table 3.2. The unprocessed input and output variables of the database.............cccccceevvneee. 24
Table 3.3. Conversion steps of CH,4 uptake ValUEs. ...........ccccveviiie i 27
Table 3.4. Cross-correlation @analySiS. ..o 29
Table 3.5. Final list of input and output variables of the database. .............cccccceeviernennnne. 31

Table 3.6. Testing accuracy (%) for gravimetric CH, delivery using user defined
[0 L= Tod 1o (o £SO PRTST 34

Table 3.7. Training accuracy (%) for gravimetric CH4 delivery using user defined
[0 1= ] o] (o SRR 34

Table 3.8. RMSE results of activation and learning function matrix for gravimetric

CHy, delivery using user defined deSCriptors. .......cccooveveviereeresieseesesieseeiens 37

Table 3.9. RMSE results of activation and learning function matrix for gravimetric

CH, delivery using structural properties. .......ccccvvvevieiiieiie e 38

Table 3.10. RMSE results of activation and learning function matrix for gravimetric
CH, uptake using user defined deSCriptors. .........ccvvvereiieereerie e e 38

Table 3.11. RMSE results of activation and learning function matrix for gravimetric

CHy, delivery using structural Properties. .......cccvevevvereiieesieeiesieseese e seenens 38



Xvii
Table 3.12. RMSE results of activation and learning function matrix for volumetric

CHy, delivery using user defined desCriptors. .........cccvevvieeieeiesiee e sie e 39

Table 3.13. RMSE results of activation and learning function matrix for volumetric

CHy delivery using structural Properties. .........coooeverininesieiese s 39

Table 3.14. RMSE results of activation and learning function matrix for volumetric

CH, uptake using user defined desCriptors. .........ccovveveiieieeie e 39

Table 3.15. RMSE results of activation and learning function matrix for volumetric

CH, delivery using structural Properties. .........ccvevvevveveiieseese e 40

Table 3.16. Determined ANN SHTUCTUIES. ....coooeeeeeeeeeee e, 43

Table 4.1. The range of the gravimetric amount of CH,4 delivery and corresponding

NUMBDEE OF INSTANCES. ...ttt ettt e e e e e e e e et eeeeaeeeaaaa 54

Table 4.2. Confusion matrices of decision tree constructed using user defined

descriptors for gravimetric CHy delivery. ........ccooeiveii e 56

Table 4.3. Heuristics for high gravimetric CH, delivery for decision tree developed

uSing user defined deSCIIPIOIS. ....uiiiieieieie e 58

Table 4.4. Confusion matrices of decision tree constructed using structural properties

for gravimetric CHy deliVETY. .....ooiiiiiieee s 60

Table 4.5. The range of the gravimetric amount of CH, uptake at 35 bar and

corresponding number of INStANCES. .......c.coveiiiiiicie e 64

Table 4.6. Confusion matrices of decision tree constructed using user defined

descriptors for gravimetric CHy uptake. ........cccoovveiiiiiii i 66



XViil
Table 4.7. Confusion matrices of decision tree constructed using structural properties
for gravimetric CHy UPLaKE. ........ceeoviiiiiice e 67

Table 4.8. The range of the volumetric amount of CH, delivery and corresponding

NUMDBET OF INSTANCES. ..., 69

Table 4.9. Confusion matrices of decision tree constructed using user defined

descriptors for volumetric CHy deliVery. .......cccovoveiieii i 70

Table 4.10. Confusion matrices of decision tree constructed using structural properties

for volumetric CHy deliVErY.......covoviicee e 71

Table 4.11. The range of the volumetric amount of CH, uptake at 35 bar and

corresponding NUMDEr Of INSTANCES. ........ccvviiiiiiiie s 73

Table 4.12. Confusion matrices of decision tree constructed using user defined

descriptors for volumetric CHy uptake. ... 74

Table 4.13. Confusion matrices of decision tree constructed using structural properties

for volumetric CHy UPLaKE. ........covveieiccece e 75

Table 4.14. Comparison of heuristics obtained from decision trees developed by using

user defined descriptors with experimental data.............ccccoovevieiiicieicieenn, 78

Table 4.15. Comparison of heuristics obtained from decision trees developed by using

structural properties with experimental data. ............ccoccvevevieviiic e 79
Table 4.16. Comparison of predicted CH, uptakes with experimental data....................... 80
Table 5.1. Accuracy rates of constructed decision trees for all databases. .............c.cccv..... 81

Table 5.2. RMSE values of ANN models for all databases. ..., 82



Peryst

Pgas

LIST OF SYMBOLS

Coefficient of determination
Gas constant

Gravimetric surface area
Isosteric heat of adsorption
Molar mass

Pressure

Pore volume

Temperature

Crystal density
Density of gas

Xix



ANG
ANN
ccDC
DPD
FT-IR
FCV
MPD
MAPE
ME
MOF
MMM
PLD
PSA
QSPR
RMSE
SEM
SSE
TSA
TGA
ucv
DOE
VSA
XRD

LIST OF ACRONYMS/ABBREVIATIONS

Adsorbed Natural Gas

Artificial Neural Network

Cambridge Crystallographic Data Centre
Dominant Pore Diameter
Fourier-Transform Infrared Spectroscopy
Fuel Cell Vehicle

Maximum Pore Diameter

Mean Absolute Percentage Error

Mean Error

Metallic Organic Framework

Mixed Matrix Membrane

Pore Limiting Diameter

Pressure Swing Adsorption

Quantitative Structure—Property Relationship
Root Mean Square Error

Scanning Electron Microscope

Sum of Square Error

Temperature or Thermal Swing Adsorption
Thermal Gravimetric Analysis

Unit Cell Volume

United States Department of Energy
Vacuum Swing Adsorption

X-ray Powder Diffraction

XX



1. INTRODUCTION

Natural gas is one of the most abundant source of energy, and it is the cleanest
among the non-renewable energy sources [1,2]. Adsorbed natural gas (ANG) systems are
designed to store and deliver natural gas for vehicular applications. Because the main
component of natural gas is CH4, which has the highest combustion energy, high methane
delivery can facilitate the applications of natural gas fuelled vehicles. To transport CHy, it
should be first adsorbed at a high pressure (generally at 35 or 65 bar) and then desorbed at
a low pressure (generally at 5 bar) after transportation. Hence, not only the storage
capacity but also the difference between the amount of adsorbed and desorbed CH,4 which
is considered as the deliverable capacity of CH,4 [3], are important criterions to compare

the potential of different adsorbent materials.

Metal organic frameworks (MOFs) have been considered as promising alternatives to
more traditional adsorbent materials such as zeolites and activated carbons. [3-5]. MOFs
are relatively new crystalline porous materials that consist of metal ions as inorganic part
and organic ligands [6]. Because of their large surface areas (up to 6000 m%/(g) and high
pore volumes (1—4 cm®/g), MOFs are in the forefront of porous materials [7,8]. Not only
these features but also their ability to be tailor-made for the specific applications make
them great candidates for gas separations, gas storage and delivery, catalytic applications
[1,6]. MOFs have enormous number of possible structural variations to be synthesized. To
date, several thousands of MOFs have been synthesized and yet infinite number of
structures can be produced theoretically depending on the combination of organic linkers
and metals. Although unlimited options to produce MOFs are counted as an opportunity, it
is also a big challenge to find the best performing candidates for a target application.
Synthesis and testing of a single MOF generally takes several weeks; hence, it is not

practical to screen a large number of candidates for a target application.

At this point, the importance of data mining comes into prominence. Data mining is a
branch of science that aims to discover the unknown pattern, trends, and correlations in
large pre-existing databases. The machine learning tools such as decision tree

classification, artificial neural network, principal component analysis and support vector



machine are applied to the database to find out the useful hidden information [9]. In fact,
there are few studies that machine-learning tools were used for CH, uptake in MOFs. For
instance, Fernandez et al. used decision trees and support vector machine to analyze a
database of approximately 130,000 hypothetical MOFs (which are computer generated
MOFs, not experimentally synthesized) to predict the CH,4 storage capacity from the
structural descriptors such as void fraction and pore volume [10]. The same hypothetical
MOF database was also modelled by Pardakhti et al.; the descriptors were divided into
two, as chemical and structural, to predict the CH4 uptake of MOFs via machine learning
tools [2]. Ohno et at. have also applied machine learning tools to a dataset consists of 499
hypothetical MOF structures to predict their CH4 uptake using structural descriptors [11].

The aim of this thesis is to focus on a considerably larger database containing
simulated CH, uptake data over 3000 real, synthesized MOFs and use machine learning
tools to identify the trends and patterns, extract hidden information in the network of data
to develop rules and heuristics for the future investigations. The database first pre-analyzed
using simple descriptive statistics to identify simple trends and to determine correlations
among the variables to prevent multicollinearity in the input variables to be used in
predictive models. Then, decision trees were constructed to develop heuristics for the MOF
properties required for achieving a high CH,4 delivery capacity, while the artificial neural
network was used to predict the CH,4 uptake of MOFs as the function of user defined

descriptors representing structural properties of MOFs.

In Chapter 2, MOFs are introduced in details together with their application areas,
production processes and determinative parameters; then the data mining tools utilized in
this study and the published articles about MOFs in which data mining tools were used are
summarized. Database reprocessing and the computational details about decision tree and
artificial neural network algorithms are given in Chapter 3. In Chapter 4, all results
obtained from the models were explained in detail. The important findings of this study for

possible future studies are presented in the last chapter.



2. LITERATURE SURVEY

2.1. Metal Organic Frameworks as Adsorbents

2.1.1. Late History in Adsorbents

Metal Organic Frameworks (MOFs, also known as porous coordination polymers or
PCPs) have been investigated as promising porous materials in the past two decades [12].
The main idea behind the porous materials is to utilize their capabilities to behave as hosts
for particular guest molecules [13]. MOFs have been considered for a wide range of
applications such as gas storage, adsorption-based gas/vapor separation, shape/size-
selective catalysis, drug storage and delivery, and as templates in the preparation of low
dimensional materials [14].

Traditional porous materials have been consisted of either organic or inorganic
molecules. Before the metal-organic frameworks have been introduced, activated carbons
and zeolites have been in the forefront of porous materials; most common organic porous
materials are still activated carbons with high surface areas and high gas adsorption
capacities [14]. The separation and storage of gases, the purification of water, and solvent
removal and recovery are some of the usages of activated carbons [15]. Since activated
carbons suffer from lack of ordered structure, the pursuit of adsorbent has continued with
zeolites, which are highly ordered inorganic adsorbents used in separation and catalysis
application. Inorganic frameworks such as zeolites have seldom diverged from Al, Si and

chalcogens; so they have limited structures [16].

Basically, MOFs are relatively new kinds of crystalline porous materials that consist
of both metal ions as inorganic part and organic linkers as organic part. Compared with
zeolites and carbon materials, there is not any non-accessible bulk volume in MOFs. In
other words, lack of dead volume in MOFs provides them the highest porosities and world
record surface area that was reported as 4500 m?%g [17]. Due the fact that MOFs are
compromised of both organic and inorganic components, MOFs have enormous number of



possible options to be synthesized. As it is illustrated in Figure 2.1, metal ions or clusters
connected by organic linkers compose 3D structures with unique physical and chemical
properties. MOFs are flexible materials; their geometry, size and functionality can be
altered easily [18,19]. Their tunable physical geometry and designed chemical
functionality have made them scientifically searchable [20]. According to data taken from
[21], 70,000 different MOFs being reported and studied in the past decade.
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Figure 2.1. Basic construction units of MOF-5 [22].

2.1.2. Potential applications of MOFs

According to O’Keeffe et al. [23], the first 3D metal-organic framework that is
known as MOF-4 was examined in 1997 by Yaghi and coworkers [24] whose 2D MOF
research (namely MOF-2) in 1998 was also accepted as an early example of its kind [25].
Since that time, different MOFs had been identified to address various applications in
chemical industry. It seems that the gas adsorption processes may use them significantly in

the future because of their tailor-made features [26].

Adsorption process can be actualized in two ways as shown in Figure 2.2 physical
adsorption (physisorption) and chemical adsorption (chemisorption). An adsorptive gas
comes into contact with the solid surface called the adsorbent and then the physisorption
occurs with the help of van-der Waals forces, the long-range London dispersion forces and
the short-range intermolecular repulsion. There is no chemical reaction involved in this
process and it is reversible [27,28]. On the other hand, chemical reaction occurs in
chemisorption and it cannot be reversed. The heat of adsorption in chemisorptions is much
greater than those in physisorption. As it is shown in Figure 2.2 the target molecules are

attached to the surface by van-der Waals forces in physisorption whereas the molecules



reacts with certain binding sites on adsorbent surface in chemisorption. Unless otherwise

stated, adsorption is referred to as physisorption for further sections.

Binding site
e

e e ¥

Physisorption Substrate Chemisorption

Figure 2.2. Schematic representation of physisorption and chemisorption [29].

Gas separation and purification processes seem to be the main application areas of
MOFs considering their high surface areas, high porosities and well-defined structures
[14]. Although distillation, extraction, adsorption, stripping, solvent extraction,
crystallization and membranes are the important methods of gas separation and
purification, MOFs are utilized in adsorption and membrane techniques [30,31]. A packed
bed column filled with specific MOF might be used in an adsorption process as shown in
Figure 2.3. After the adsorption process is done in the packed bed column, the
compositions of the gas cylinder can be determined by mass spectrometry. Any kinds of
pure gases such as N,, CHy4, H,, and O, can be purified by absorbing CO,, which is one of
the main contributors to global warming [30]. Also removal of impurities such as CO, or
sulphur compounds from natural gas or flue gas might be the purpose of use of MOFs
[12,26].
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Figure 2.3. Setup for column measurements [30].



Adsorbents such as MOFs filled with gas need to be discharged for the further use in
continuous adsorption processes. To do this, pressure swing adsorption (PSA), vacuum
swing adsorption (VSA), and temperature swing adsorption (TSA) methods are used as the
most common cyclic processes. Desorption of the desired gas is provided by either
decreasing the pressure (in PSA or VSA) or increasing the temperature (in TSA). In
Figure 2.4a, the most common version of PSA and VSA and their pressure profiles were
shown. The feed flow enters to the column in both first and second step and desired gas is
adsorbed in second step. Then the pressure is reduced to a certain level to blow down the
undesired gas. In the final step, desired gas is absorbed by further decreasing the pressure
[32]. Temperature or thermal swing adsorption cycle generally has four steps as shown in
Figure 2.4b; the process in this figure is designed in order to adsorb CO; in flue gas. In the
first step, flue gas enters to the column and the CO, is adsorbed while undesired gas (N2 in
Figure 2.4a leaves the column. As the temperature of the column is increased, adsorbed gas
starts to be desorbed from the surface and then leaves the column with the help of
increased pressure. When there is no gas left to be desorbed from the surface, the column

is purged and then cooled to be ready for further adsorption cycles [12].
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Figure 2.4. a) PSA / VSA steps and pressure profiles [32], b) TSA cycle [12].

Membrane-based separations especially made with polymers are also preferred in the

gas field due to their low cost, their ease of manufacture and being versatile [31,33]. In



membrane-based separations, the feed gas, which consists of two bulk phases are separated
in a physical way by a membrane as it is illustrated in Figure 2.5. The phase which goes
through the membrane is called permeate whereas retentate represents the remained
portion of the feed that is retained by the membrane. The material of the membrane and the
operating conditions play key roles in controlling the transport of these two phases [34].
Such separation processes can be utilized in many industry related to energy and
environment such as natural gas purification by removal of CO,, purification of H, from
syngas derived from coal or biomass gasification, air separation to enable oxyfuel firing of
coal/gas and separation CO, from N, [31,33]. However, the polymeric membranes for
separation applications suffer from the trade-off between permeability and selectivity. In
other words, finding the optimum relation between permeability and selectivity is the main
issue in the polymeric membranes [33,35,36]. In order to overcome that challenge,
polymers were combined with non-polymeric material and heterogeneous or hybrid
membranes were obtained; those membranes are called mixed matrix membranes
(MMMSs). In those membranes, organic or inorganic fillers are put into a polymer matrix;
zeolites, silicas and activated carbons are examples of such MMM fillers. The first MOF
based MMMs was explored by Yehia et al. [37]; from that day forward studies regarding
MOF based membranes have showed a great progress because of the MOFs’ high surface

are pore volume and ease of tuning [33,35,36,38].
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Figure 2.5. Principle of membrane-based separation [39].

In addition to aforementioned practice areas of MOFs, the new interpretations have

also emerged through interdisciplinary research. The idea here is that inherent features of



MOFs are examined to modify existing systems in a more efficient way [40]. MOF-based
materials have been developed to be used in chemical sensing [41,42], optoelectronics (a
sub-field of photonics which is related with electronic devices and systems that source,
detect and control light) [43,44] and biomedical applications [45,46].

2.1.3. Volumetric and Gravimetric Uptakes

The amount of gas adsorbed can be expressed in gravimetric and volumetric basis;
their units are cm® gas adsorbed per unit mass of adsorbent and cm?® gas adsorbed per unit
volume of adsorbent respectively. Generally, gas uptakes have been measured
gravimetrically and then crystal densities of MOFs have been used to convert gravimetric

uptakes to volumetric ones [47].

Adsorption-based storage and transportation have been recently widespread for
especially H, and CH,4 gases as energy containing materials; the fuel-cell vehicles (FCV)
and adsorbed natural gas (ANG) systems have been used for storage and transportation of
such gases [48]. Generally, CH,4 functions as a test gas in order to quantify the gas stored in
ANG systems [47]. In those systems, various types of adsorbents are placed in vessels to
enable the storage and then transportation of gas; MOFs have been utilized in that area as
well. In order to determine the size and weight of those MOF-filled tanks in ANG systems,
both volumetric and gravimetric CH,4 capacities have to be determined optimally so that
the tank would not be too heavy or too large. In other words, the purpose of taking both
volumetric and gravimetric adsorption capacities into consideration is to incorporate ideal
characteristics within a single MOF as it is illustrated in Figure 2.6. This means that, if an
increase in surface area leads to a decrease in volumetric capacity, further improvements in
surface area would not be sufficient. At this point, being easily tunable for a specific
process makes MOFs promising candidates as adsorbents [37,38,39]. U.S. Department of
Energy (DOE) set targets for this challenge in order to find out the ideal MOF with both
high gravimetric and volumetric adsorption capacity. For storage capacity, limits were set
as 350 (cm® STP)/(cm®) and 700 (cm® STP)/(g) for volumetric and gravimetric respectively

whereas 315 (cm® STP)/(cm?®) for deliverable volumetric capacity [51,52].
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Figure 2.6. a) CH,4 uptakes at 65 bar b) CH4 working capacities (between 5.8 and 65 bar) in

both gravimetric and volumetric basis for the best robust MOF materials [52].

2.1.4. Deliverable Capacity and Storage Capacity

Having high adsorption capacity is not adequate by itself for the MOF to be used in
transportation of gases; high delivery capacity is also an important criterion for adsorbents.
The deliverable capacity, also known as working capacity, is the amount of gas desorbed
by adsorbents which previously adsorb gas when the pressure decreases. The operating
conditions in both adsorption and desorption processes affect the amount of delivered gas.
For instance, if the heat released during adsorption process is not removed from the
system, less CH, would be adsorbed whereas if the heat is not resupplied during the

desorption process, the amount of delivered gas would be low [47].

Deliverable capacity is determined by subtracting the amount of methane adsorbed at
lower limiting working pressure from that of adsorbed at upper limiting working pressure
at isothermal conditions. Since the pressure level of 35 bar or 65 bar can be achieved by
single-stage or two stage, they are taken as the upper limiting working pressure [47]. On
the other hand, 5 bar has been considered as the lower limiting working pressure in several
studies [53-55]. The aim of this thesis is to study the delivery capacity from 65 bar to 5 bar
and uptake capacity at 35 bar both in gravimetric and volumetric basis. In Figure 2.7, the

comparisons of such databases have been done for certain MOFs [52].
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Figure 2.7. CH, storage capacities of three best-performing MOFs [52].

2.2. Synthesis Routes

Conventional  solvothermal/hydrothermal, = microwave-assisted, sonochemical,
electrochemical, mechanochemical processes have been followed generally as synthesis
routes of MOFs. In this section, these synthesis routes and comparative studies regarding

them are briefly summarized.

2.2.1. Conventional Hydrothermal/Solvothermal Synthesis

Hydrothermal and solvothermal methods have been commonly used for more than
100 years and they are efficient synthetic routes to produce the nanomaterial with a
diversity of morphologies. As it is illustrated in Figure 2.8, the reactants are put into a
sealed vessel, which is filled with solvent (water or organic compound) and the reaction
takes place at high temperature and pressure. If the solvent is water and the reaction occurs
in agueous solution, it is termed as hydrothermal method; whereas nonagqueous solution is
utilized as solvent in solvothermal method [56-58]. The solid obtained by filtration is
washed with solvent mixture and then dried to isolate the solvent (guest molecules). This
activation step corresponds to the second part in Figure 2.8 (solvent exchange & washing
and heat/vacuum treatment) and it can be applied in all synthesis to improve the properties
of MOF. Hydrothermal/solvothermal conditions can also be utilized in other synthesis

methods such as microwave-assisted and sonochemical by changing the source of heating.
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For instance, electrical oven is utilized in conventional hydrothermal/solvothermal
synthesis whereas microwave is used in microwave-assisted hydrothermal/solvothermal

synthesis [59].

\\’al-cr or- | M -
DMF/DE} /Alr/l .Ir/ ' /AI'/AI"‘|
'—0 e Solvent exchange -'—‘05‘-‘ -
Self-assembly ) Qlly‘_ﬂlal & washing Qﬂ?_ﬂw"

Heating I’ ’Iﬂ "I— Heat/vacuum I *I‘—-. *I—.

/4 V/A Z treatment /A@ 1

As-synthesized MOF structures

@® Mectal salt  »==x Organic ligand

Figure 2.8. Conventional solvothermal/hydrothermal synthesis of MOF [60].
2.2.2. Microwave-assisted Synthesis

In microwave-assisted synthesis, the microwave irradiation was applied to supply
required energy for reaction taken place on solvothermal or hydrothermal conditions.
Local heating is achieved by dipole rotation and ionic conduction in this method, which is
shown in Figure 2.9. This synthesis route has the potential advantages of high efficiency,
phase selectivity, particle size reduction, and ease of morphology control [60-62].
Additionally, when it is compared with the conventional synthesis route, this method takes
less time to obtain a MOF [63].
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Figure 2.9. Microwave-assisted solvothermal/hydrothermal synthesis of MOF [60].
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2.2.3. Sonochemical Synthesis

Sonochemical method also called as ultrasonic-assisted synthesis involves ultrasonic
generator to heat the mixture. As it is shown in Figure 2.10, the formation and collapse of
bubbles via sonication create turbulence and thus high local temperatures and pressures are
produced. As a result, fine crystallites with a reduction in crystallization time have been
observed in this method [59,60,63-65].
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Figure 2.10. Ultrasonic-assisted solvothermal/hydrothermal synthesis of MOF [60].

2.2.4. Electrochemical Synthesis.

Two electrodes are placed in electrolysis cell, which contain dissolved organic
molecules and solvent mixture as it is shown in Figure 2.11. The need of metal atoms is
supplied from electrodes through anodic dissolution instead of adding metal salts. This
process continues until a specific reaction time under constant voltage. Faster synthesis at

lower temperatures is achieved compared to conventional methods [60,63].
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Figure 2.11. Electrochemical synthesis of MOF [60].
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2.2.5. Mechanochemical Synthesis

Intermolecular bonds are broken mechanically in a grinding jar, which is presented
in Figure 2.12. After breakage of bonds, chemical transformation occurs in
mechanochemical synthesis. This synthesis route can be performed either under solvent-
free condition or with solvent mixture. The advantage of first type is the non-necessity of
the solvent removal whereas the latter one lead to increase in mechanochemical reactions
[60,63]. To compare, the solvent-free HKUST-1 produced by Pichon et al. had 1084 m?/g
of surface area whereas the one with methanol as solvent had the surface area of 1364 m?/g
[66].
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Figure 2.12. Mechanochemical synthesis of MOF [60].

2.2.6. Comparative Studies on Synthesis Routes

Sabouni et al. have investigated the difference between conventional solvothermal
method using electrical oven and the two-step technique using ultrasonic followed by
microwave method. Although, IRMOF-1 was tried to be synthesized using conventional
oven technique for three times, none of them were successful. Hence, the results of the
MOF obtained by two-step technique were compared with literature. Particle size of
samples obtained by two-step technique was smaller than those of conventional
solvothermal synthesis method. They have also observed that, particle size of samples
obtained by two-step technique decreased as the ultrasonic bath temperature and sonication

time increased [59].
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In 2010, Schlesinger et al. have conducted a study in which six different synthesis
methods (solvothermal, microwave-assisted, under atmospheric pressure at reflux,
ultrasonic, electrochemical and mechanochemical) were compared. Based on this study, it
was revealed that samples produced by using microwave-assisted solvothermal had high
BET-surface area of 1499 m%g and specific pore volume of 0.79 cm®/g. Moreover, this
method is the fastest one among them to obtain pure HKUST-1 in high yield. Also, they
have shown that better results were achieved with DMF solvent rather than ethanol/water
mixture. Moreover, they have demonstrated that the samples produced by the solvent-
assisted mechanochemical reaction gave comparable pore volumes (0.74 cm®/g) with those

obtained by microwave-assisted synthesis [67].

Loera-Serna and her coworkers have investigated the effect of synthesis methods on
HKUST-1. Three synthesis routes as conventional solvothermal synthesis, ultrasonic-
assisted synthesis and room temperature stirring synthesis have been examined, and the
HKUST-1 was obtained in all these methods as the physicochemical structures determined
by several characterization techniques such as XRD, FT-IR, SEM and TGA. However,
the different coordinative and bulk molecular guests were observed among those distinctly
synthesized MOFs. It was also seen that MOFs obtained with room temperature stirring

method have high purity compared to those obtained with other syntheses routes [65].

Haque et al. have studied three paths to synthesize the CPO-27 under same
conditions but different heating mode. These are namely, conventional solvothermal
method, ultrasound method and microwave method. They have found that the crystal sizes
decrease in the order of conventional > microwave > ultrasound whereas the adsorbed
nitrogen, surface area, and pore volume are in the order of conventional < microwave <

ultrasound [64].

In 2013, Wu ef al. and coworkers have worked on a comparative M-MOF-74
synthesis study. They synthesized M-MOF-74 (M = Ni, Mg) with both hydrothermal and
microwave-assisted method. Samples produced by using microwave-assisted method had
larger surface area and pore volume than those produced with hydrothermal method. Also,
the reaction time reduces from 1 day to 100 min in microwave-assisted synthesis. They

have also tested the adsorption behavior of several gases (CO,, CHa4, N, C,H4, C,Hg, CsHg
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and C;Hg) on produced MOF-74 an observed that gas adsorption capacity and adsorption

selectivity were improved with the microwave-assisted method [68].

2.3. Data Mining Analyses

Data mining, as a term, refers to ‘knowledge mining or transferring from existed
data’. From the perspective of data mining, all kinds of choices of people (for instance in
market, in finance etc.) and events (i.e. weather forecast, natural disaster etc.) embodies
data within itself so it is worth to store them [69]. Hence, there is significant amount of
data present in the world and yet it is increasing day by day. At this point, getting the
benefit from large existed databases is the ultimate target. The aim of the data mining is to
extract the meaningful information and to identify the hidden patterns in large data. Data is
analyzed from various perspectives and then all findings are summed up into useful and
understandable information. In this sense, data mining is used for not only the

characterization of the data but also prediction for the future [70].

Rows and columns compose datasets; the points or objects are indicated as rows
whereas columns are mostly referred to the descriptors, variables, parameters or properties.
The idea behind those attributes is that the entire columns except one are included to data
to define the remaining one, which is called as output. Two kinds of attributes, namely
categorical and continuous can be present in the database. For instance, type of gender as
male and female can be considered as categorical whereas ages of people from 0 to 70 can
be taken as continuous attribute. They are able to convert into each other for target
application; this procedure was explained in sections that the implementation was
presented. Before starting to apply data mining tools, getting to know about the related
data is crucial; the data reprocessing is carried out to deal with the missing values and

incorrect data points.

Data mining is the promising field in recent years; it combines the database, machine
learning, statistics and pattern recognition with the help of several tools. The mostly
utilized data mining methods for both classification of the existed data and the prediction
of unseen data are linear regression, logistic regression, decision trees, artificial neural

network, k-nearest neighboring and support vector machine. After constructing the model,
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evaluation of model performance is fundamental in data mining; hold-out, k-fold cross

validation, leave-one-out, and bootstrapping are the widely used methods for that purpose

[9].
2.3.1. Linear and Logistic Regression

The mostly used statistical method in order to identify the relationship between two
variables is the regression model in which output variable (also called as response or
dependent variable) is dependent to the input variable (independent variable). If the output
variable is any one of an infinite number of possible values (termed as continuous) the
model is considered as linear regression whereas logistic regression is used when the
response variable is any one of only a limited number of possible values (named as

categorical).

The simple regression formula is given in Equation 3.1 where ¥ is the predicted
output variable, x is the input variable, by, and b, are called the regression coefficients.
Those regression coefficients are found based on the least square analysis in which the
overall error between actual (y,) and predicted (§;) output variable is minimized. Overall
error is called as sum of square errors (SSE), which is determined by the formula given in
Equation 2.2 [9].

y=bo +bx (2.1)

SSE= Z ¢2= Z (- %) 2.2)
i=1 i=1

In case of the more than one input variables are included in data, multiple regression
model is preferred whose formula is shown in Equation 2.3. Same procedure is carried out

with simple regression to determine the regression coefficients (bo, b1, b, and bs) [9].

¥ =by +b;x; +byx; +bsxs (2.3)
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Regression models are tailor-made for describing the linear relationship between
dependent and independent variables. Hence, this method is insufficient for the examining

the non-linearity of the systems.

2.3.2. Decision Trees

Decision tree is a classification method, in which the sequences of decisions are
collected and then connected by branches. In a decision tree, root node represents the very
first decision node and it is placed at the top of the decision tree. Then all attributes are
tested at the decision nodes starting from the root node, and each of the instances are put
into branches. There are two options present for branches; each branch either moves on to
another decision node or terminates the algorithm as a leaf node. A simple decision tree for

the weather data is illustrated in Figure 2.13.

a) b)

Number of Outlook |Temperature| Humidity [ Windy | Play

instances
1 sunny hot high false | no
2 sunny hot high true | no
3 overcast hot high false | yes
4 rainy mild high false | yes
5 rainy cool normal | false | yes
6 rainy cool normal | true | no sunny  overcast rain
7 overcast cool normal | true | yes |
8 sunny mild high | false | no
9 sunny cool normal | false | yes
10 rainy mild normal | false | yes bigh .l e Sise
11 sunny mild normal | true | yes
12 overcast mild high true | yes
13 overcast hot normal | false | yes
14 rainy mild high true | no

Figure 2.13. a) The weather data and b) the corresponding simple decision tree [69].

In Figure 2.13, there are 14 number of data points which have four attributes as
outlook, temperature, humidity and windy. Those attributes have symbolic values; outlook
can be sunny, overcast, or rainy; temperature can be hot, mild, or cool; humidity can be
high or normal; and windy can be true or false. The output variable is whether to play golf
at outside or not. What we obtained from this decision tree is that the decision to play or
not can be made based on the weather conditions. For instance, if the outlook is sunny and

the humidity is high, not to play golf is recommend by this decision tree.
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Optimization is important in data mining tools in order to decide how far the model
will grow. Overlearning is occurred when the repeated training iterations improve the
performance of the model on training dataset by memorizing the training samples whereas
the model shows poor performance on new data (test dataset). On the other hand,
underlearning occurs in small trees where both errors are high because of the insufficient
decision nodes [71]. Overlearning corresponds to the right hand side of the Figure 2.14,
whereas the term underlearning is occurred at the left hand side. In the computational part

of data mining, the optimum point to stop the tree further splitting is sought.
A :

Prediction Error
for New Data

Model Prediction Error

Y

-
Training Error

>

b 6 6

Model Complexity

Figure 2.14. Model complexity vs. model prediction error [72].

2.3.3. Artificial Neural Network

Avrtificial neural network (ANN) is a non-linear mechanism that has been inspired by
the learning mechanism of animal brain. Simply, it takes stimulus comes in to brain,
process them through the combination function and generates the output [9]. To illustrate
the similar idea behind the artificial neural network algorithm and animal brain process,

Figure 2.15 was given below.
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Figure 2.15. Real neuron vs. artificial neuron [9].

A neural network consists of input layer, hidden layer and output layer; however in
some cases there may be more than one hidden layer depending on data. The user
determines the number of nodes in each layer as well as the number of hidden layer. As it
was mentioned before, optimization process to find out such optimum values is

fundamental in machine learning.

A simple neural network algorithm is shown in Figure 2.16. Each node input has link
to connect another node and inputs proportioned with their connection weights are
summed up in the output node. The algorithm sets a threshold value for the difference
between predicted and actual value; connection weights are varied until the threshold value
is achieved. The linear combination of node inputs (x) and connection weights (w) are
provided with the combination function and it is called as net. The formula is given in
Equation 2.4. for a given node j, where Xx;; represents the i input to node j, wij represents
the weight related to the i input to node j, and there are n+1 inputs to node j. After the
calculation of neta, this value is converted to output value (y) via a non-linear activation
function in order to be passed along the final node (i.e. Node Z). Same process is followed
for each node and finally the output value of the Node Z is calculated by using its net;

value via activation function [9].

netj = Z WiiXij = WoiXoj + W]ij]j +...+ WhjXpj (24)

1
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Input Laver Hidden Layer Output Layer

Figure 2.16. Simple neural network algorithm [9].

Activation function plays a significant role in neural network model and some

common activation functions are given in Table 2.1.

Table 2.1. Activation functions.

Activation Function Step Linear | Log-sigmoid | Hyperbolic Tangent Sigmoid
. . A, net>0 1 (e"'+e™")
m =37 - .=net R -~ - 7
Mathematical Notation | v, {B, net<0 | Vi Y (Trem) Y (e ot

2.4. Data Mining Studies on Adsorption of CH, in MOFs

Wilmer and his group performed large-scale quantitative structure—property
relationship (QSPR) modeling for CH, storage in MOFs in 2013. They investigated the
effect of structural parameters such as pore size and void fraction on CH, storage of
130,000 hypothetical MOFs. Their aim was to develop models that make the prediction of
CH, storage with high accuracy based only on the knowledge of geometric features of
materials. Multi-linear regression models, decision trees and nonlinear support vector
machines were developed. According to their study, the void fraction and the dominant
pore diameter were the parameters that strongly correlated with CH, storage at high

pressure [10].

In 2016, Ohno and Mukae conducted a study to predict the amount of CH,4 uptake

over 499 hypothetical MOFs by using support vector regression, neural network, Gaussian



21

process regression and linear regression. Density, surface area and void fraction were
found as the dominant parameters for CH4 adsorption among the quantitative descriptors.
The performance of the models were evaluated by comparing the coefficient of
determination (R%) and root mean square error (RMSE); it was observed that all nonlinear
models were superior to the linear regression model [11].

Pardakhti et al. investigated predictive capability of decision tree, Poisson
regression, support vector machine and random forest in terms of the CH,4 adsorption over
130,398 hypothetical MOFs. Input variables were arranged in a way that structural
variables, chemical properties and both structural and chemical properties; all three classes
of inputs were tested for volumetric and gravimetric based uptake data. Mean absolute
percentage error (MAPE), mean error (ME) and root mean square error (RMSE) values of
both training and test data set were calculated to evaluate the performance of the each
model. They concluded that predictability of data mining models developed by combining

the structural properties with chemical variables was best among all models [2].
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3. COMPUTATIONAL WORKS

3.1. Data Preparation

A database containing 3000 real MOFs [73] was developed by taking additional
parameters into consideration as it will be explained below; the development of the
database is shown in Figure 3.1.

p
Original Database;
8 Input Variables

-

Final Database;
20 Input Variables

-
Additional Parameters;
12 Input Variables

-

Figure 3.1. The development of the database.

3.1.1. The Original Form of the Database

The database, which contains CH, uptake values for 3000 real MOFs includes eight
variables; these are crystal density (peryst), pore volume (Vp), gravimetric surface area (Sg),
pore limiting diameter (PLD), maximum pore diameter (MPD), dominant pore diameter
(DPD), isosteric heat of adsorption (Qs) and unit cell volume (UCV) of MOFs [73].
GCMC simulations were performed at adsorption pressures of 1, 5, 10, 15, 20, 25, 30, 35,
50, and 65 bar and 298 K to calculate isosteric heats of adsorption values and CH,4 uptake
of each MOF. In addition, unit cell volume (UCV) of each MOF was taken from the
Cambridge Crystallographic Data Centre (CCDC) [74].

3.1.2. Additional Parameters
In order to obtain strong models constructed with data mining tools, MOFs should be

well defined; in other words, all information that might have an effect on CH, uptake over
MOFs should be included in the database. To do this, original database was improved and
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the number of input variables increased. Cell lengths, cell angles, chemical formula, space
group of MOFs and organic linker of the MOFs were taken from the CCDC [74]; based on
this information, eleven new input variables were created in order to take all aspects of the

MOFs into consideration.

First, the atoms contained in each MOF were counted and separated according to
their elements; during this calculation, guest molecules and solvents were excluded. Then,
group number and the atomic radius of the metal atoms for each MOF were taken as the
input variables to test whether they have an effect on the uptake values or not. At this
stage, it should be mentioned that some MOFs contains more than one type of metal
atoms; in these cases, the dominant metal (having the larger number atom) was selected as
the variable. If the metal atoms are even, then the first atom appeared in the formula was
chosen as the dominant metal atom. The group number and the atomic radius were
determined based on dominant metal atom [75]. Metallic percentage, electronegativity
ratio, total degree of unsaturation and nitrogen to oxygen ratio were also calculated as
described by Pardakhti et al. [2] using the information available in the CCDC [74]; the
definition of these variables are given in Table 3.1. The cell lengths, cell angles, space
groups and organic linkers were also kept in the database.

Table 3.1. Calculated input variables.

Variable Formula
Metallic percentage M /T x 100
Electronegativity ratio E/T

Total degree of unsaturation [(C x2)+2-H]/2

N/O N/O

E: Total number of Nitrogen, Oxygen, Fluorine, Chlorine, Bromine and Sulfur atoms
M: Number of metal atoms

T: Number of total atoms

C: Number of Carbon atoms

H: Number of Hydrogen atoms

N: Number of Nitrogen atoms

O: Number of Oxygen atoms
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3.1.3. The Final Database

The original form of the database was enhanced with additional parameters in order
to make a complete analysis of CH, uptake over MOFs, and then the final database was
modeled by using data mining tools. Since CH, uptake values were simulated at ten
different adsorption pressures, ten different CH,; uptake values were obtained,;
The number of gas molecules adsorbed per unit cell volume of MOF is given as the CH,4
adsorption unit. Isosteric heat of adsorption defines the interaction between CH4 molecules
and MOF atoms hence it can be considered as a chemical property rather than structural
property. Therefore, it was also excluded from the database to build models based on
easily definable descriptors and easily measurable structural properties. The unprocessed
list of input and output variables was given Table 3.2; their ranges were calculated after the

removal of missing data in each variable separately.

Table 3.2. The unprocessed input and output variables of the database.

Input Variables Ranges Number of
Missing Data

Original Database

Peryst, g/em’ 0.17 - 7.20 42

Vp, cm3/g 0-5.55 42

S, m’/g 0—6451.81 801

PLD, A 1.72-71.07 42

MPD, A 2.10-71.19 42

DPD, A 0.05-71.05 763

ucv, A’ 237.78 —701,860.60 309

Additional Parameters

Cell lengths, A 2899 kinds 4

Cell angles, o By 987 kinds 5

Space group 191 kinds 7

Organic linker 66 kinds 2817




Table 3.2. The unprocessed input and output variables of the database. (cont.)

Input Variables Ranges Number of
Missing Data
Additional Parameters
Metal type 57 kinds 3
Second Metal type 55 kinds 2551
Group number 1A, 2A, 3A, 4A, 5A, 1B, 2B, 3
3B, 4B, 5B, 6B, 7B, 8B,
Lanthanide, Actinide
Atomic number 1.53-2.43 3
Metallic percentage, % 0.45-23.81 313
Electronegativity ratio 0.03 -0.67 313
Total degree of (-101) - 313 0
unsaturation
N/O 0-34 541
Output Variables Ranges Number of
(Number of adsorbed Missing Data
molecules/Unit cell)
CH, uptake at 1 bar 1.42x10° —396.05 308
CH,4 uptake at 5 bar 7.04x10° - 834.01 308
CH,4 uptake at 10 bar 1.36x10° - 1116.58 308
CH, uptake at 15 bar 1.94x10° — 1495.08 308
CH,4 uptake at 20 bar 2.46x10° — 1847.52 308
CH, uptake at 25 bar 3.21x10° - 2163.86 308
CH, uptake at 30 bar 4.05x10” —2062.54 308
CH, uptake at 35 bar 5.08x107° - 2236.24 308
CH, uptake at 50 bar 6.27x10° - 1875.76 308
CH,4 uptake at 65 bar 8.82x107° — 1982.07 308

“Belonging to dominant metal atom in the MOF
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3.1.4. Reprocessing the Final Database

In this section, the steps that were followed to prepare the database for modeling
were explained in detail. First, categorical variables containing a large number of types
were arranged so that they can be used as input variables. Then the unit conversion of the
output variable was carried out. Finally, the best sets of input variables were selected
according to results of the cross-correlation analysis, and some minor restrictions were

made for those input variables.

3.1.4.1. Categorical Variables. There are both categorical (i.e. metal type) and continuous

(i.e. V) variables in the final database as it was seen in Table 3.2. To prepare the database
for modeling, first, the categorical variables containing large number of species should be
reduced to a relatively small number of species; otherwise models will not run. For this
reason, cell length, cell angle, space group, organic linker and metal type variables were

reexamined.

The cell length includes three sub-lengths a, b, ¢ in the unit of A; 2899 out of 2996
data points (2996 data points are left after subtracting missing data) are unique and the
number of data points having the same cell lengths is at most two. Since the number of
species cannot be reduced, it has been tried to transform the cell length column into three
sub-columns as a, b and c¢; however, this also could not be done because the cell length
would be meaningless on their own as they separated. Therefore, the cell length was
excluded from the database. As in the case of cell length, cell angle also contains three
sub-angles as a, B and y. Since 987 data points out of 2995 are different from each other,

the cell angle was also excluded from the database.

In general, there are 230 different space groups in 3D, and each space group is a
subset of one of the seven crystal systems (monoclinic, triclinic, trigonal, tetragonal, cubic,
hexagonal, orthorhombic); hence, without losing any data points, the space groups were
represented by converting to crystal systems that they belonged [76]; for instance, if the
space group of a MOF is one of the following space groups P2, P2;, C2, Pm, Pc, Cm, Cc,
P2/m, P2,/m, C2/m, P2/c, P2;/c, C2/c, its crystal structure will be “monoclinic”.
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Since the missing data points in organic linker variable are 94 % of the entire
database (2817 out of 3000), this variable was directly removed from the database. In the
case of metal type, the MOFs containing only the most frequently (more than 50 data
points) used seven metals (Zn, Cu, Cd, Co, Fe, Ni, and Mn) were considered. The type of
the second metal was not used as an input variable in models because only 449 MOFs out
of 3000 had two types of metal; however, the contribution of a second metal to the metallic

percentage of the MOFs was considered.

3.1.4.2. Determination of Output Variable. The CH,4 delivery from 65 bar to 5 bar and CH,4

uptake at 35 bar were used as the measure for the CH, adsorption performance of MOFs.
Because the computed CH,4 uptake values were in the units of number of adsorbed gas
molecules/UCV of MOF, they were converted to both volumetric and gravimetric values;
the conversion steps were given in Table 3.3. Then, to calculate CH,4 delivery as output
variable, the amount CH, uptake at 5 bar was subtracted from the amount of CH, uptake at

65 bar; this procedure was followed for both volumetric and gravimetric CH,4 delivery.

Table 3.3. Conversion steps of CH,4 uptake values.

Obtained value Conversion steps
Number of adsorbed gas molecules * . 3
Volumetric CHj4 uptake =( (A7) x
ucv
cm’® CH, 3 ;
o3 MOF 1A y 22400 cm® CH,4 y 1 mole
10 em3 1 mole 6.02x10% molecules

Gravimetric CH, uptake
cm? CH,4 cm’ CH,4 g ¢
W = Volumetric CH4 uptake (cm3 Vi OF) /(

cm?

# CH, uptake value of MOF
®UCV of MOF
¢ Density of MOF

The variables, which were already used to convert adsorbed CH4 molecules per UCV

of MOF to gravimetric and volumetric CH4 uptake in Table 3.3, were not included in the
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models as input variables; UCV and the density of MOFs were excluded in the analyses of

gravimetric CH4 whereas UCV of MOFs was removed from the volumetric based analyses.

3.1.4.3. Cross-correlation Analysis. Input variables were analysed so that one of the

strongly correlated variables (based on the strength of correlation and the type of data
mining tool) could be excluded from the database. Correlation coefficient ranges from -1
to +1; -1 means the perfect negative correlation whereas +1 indicates the perfect positive
correlation [77]. In this analysis, values with a correlation coefficient of 0.9 or higher were
identified as strong correlations, while values between 0.6-0.9 were considered as mild
correlation. After removing all missing points, cross-correlation analysis was carried out to
a database consisting 1792 data points using cor function in RStudio (Version 1.0.153); the

results are given in the Table 3.4.

The best set of input variables to develop the ANN regression models were selected
based on the outcomes of the cross-correlation analysis considering that the input variables
should not be highly correlated; both strong and mildly correlated were excluded.
Although the multicollinearity is also undesirable for the decision tree analysis, it is not as
critical as in the case of neural network models [71,77]; hence we eliminated strong

correlations in the decision tree as well, but kept the mildly correlated variables.



Table 3.4. Cross-correlation analysis.

o [ Ao | e e T OB T v v, | 5, | o [ e | opo | SRrgsiny | Mele [ o | Tl oo
ey 1.00 | 015 | 083 0.95 097 | -038| 057 | 047 | 045 | 065 | 0.63 0.2 013 | 004 0.47
Atomic Radius | 015 | 1.00 | -0.16 | -017 | -017 | 034 | -0.28 | 026 | -0.21 | -0.25 | -0.25 0.17 -0.09 | -0.07 -0.12
Uptake at5bar | 083 | 0.16 | 1.00 0.92 087 | -037| 038 | 035 | 023 | 0.47 | 046 -0.27 -0.18 | 0.03 0.58
Uptake at 35 bar | 095 | 0.17 | 092 1.00 099 |-043| 057 | 053 | 038 | 064 | 0.62 -0.24 013 | 002 0.55
Uptake at 65 bar | 097 | 017 | 0.87 0.99 100 | -043 | 061 | 055 | 042 | 0.66 | 0.65 -0.22 013 | 001 0.52
. 038 | 034 | 037 | 043 | -043 | 1.00 | -0.69 | -0.70 | -0.43 | -055 | -0.54 0.60 046 | 001 -0.36
v, 057 | -028 | 0.38 0.57 061 |-0.69 | 1.00 | 092 | 0.68 | 079 | 0.79 -0.35 019 | -0.05 0.35
s, 047 | -026 | 035 0.53 055 |-0.70 | 0.92 | 1.00 | 054 | 0.70 | 0.70 -0.32 -0.14 | -0.05 0.34
PLD 045 | 021 | 0.23 0.38 042 | -043| 068 | 054 | 1.00 | 0.85 | 0.85 -0.24 -0.08 | -0.05 0.14
MPD 065 | -0.25 | 047 0.64 066 | -055| 0.79 | 070 | 0.85 | 1.00 | 1.00 -0.24 007 | -0.02 0.34
DPD 063 | -0.25 | 046 0.62 065 | -054| 079 | 0.70 | 0.85 | 1.00 | 1.00 -0.24 007 | -0.02 0.33
Eﬁfgonegaﬁ"ity 022 | 017 | 027 | 024 | -022 | 060 | -0.35 | -0.32 | -024 | -0.24 | -0.24 1.00 0.65 | 0.05 -0.36
Metallic % 013 | -009 | 018 | 013 | -013 | 046 | -0.19 | -0.14 | -0.08 | -0.07 | -0.07 0.65 100 | -0.02 -0.27
N/O 004 | -007 | 003 0.02 001 | 001 | -0.05 | -0.05 | -0.05 | -0.02 | -0.02 0.05 -0.02 | 1.00 0.08
L%Zﬂtazfirgs of | 047 | -012 | 058 0.55 052 | -036| 035 | 034 | 014 | 034 | 0.33 -0.36 -0.27 | 0.08 1.00
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Two strong correlations were detected in the input variables: (i) between pore
volume and surface area, (ii) among maximum pore diameter, dominant pore diameter and
pore limiting diameter. Hence, surface area, DPD and PLD were excluded from the
database because of having large number of missing data points; and consequently pore

volume and MPD was selected to use in the models.

The pore volume and MPD as well as the metallic percentage and electronegativity
ratio were found to be also mildly correlated with the correlation coefficient of 0.79 and
0.65 respectively. Since density could be used as an input variable in the volumetric based
analyses, the correlations between density and pore volume as well as density and surface
area were found as -0.69 and -0.70, respectively. Although even the moderate correlations
may overshadow the effects of each other in ANN analysis, their exclusion seemed to
cause some information loss; hence, they were also included in models while the analyses
in their absence were also provided in Appendix B for comparison. The multicollinearity
is also undesirable for the decision tree analysis even though it is not as critical as the other
predictive models [71,77]; hence, we eliminated strong correlations in the decision tree as

well, but we also kept the moderately correlated variables.

The data points, in which the value of pore volume was lower than 0.1 cm®/g were
removed from the database because these materials do not have enough space to store

guest molecules.

The final list of input variables chosen as the user-defined descriptors, structural
properties and output variables with their ranges are given in Table 3.5. The general
structure for the decision tree and artificial neural network analyses are given in Figure 3.2

and Figure 3.3, respectively.



Table 3.5. Final list of input and output variables of the database.

Variables

Ranges

User Defined Descriptors

Space group

Metal type

P
Group number

Atomic number

Metallic percentage, %
Electronegativity ratio

Total degree of unsaturation
N/O

Structural Properties

Vp, cm3/g

MPD, A

Perysts g/cm3

Output Variables

Gravimetric CHy delivery, cm®/g
Gravimetric CH, uptake at 35 bar, cm®/g
Volumetric CHy delivery, cm®/cm?®

Volumetric CHy4 uptake at 35 bar, cm®/cm?®

monoclinic, triclinic, trigonal,
tetragonal, cubic, hexagonal,
orthorhombic

Zn, Cu, Cd, Co, Fe, Ni, Mn

1A, 2A, 3A, 4A, 5A, 1B, 2B,
3B, 4B, 5B, 6B, 7B, 8B,
lanthanide, actinide

1.53-2.43

0.45—23.81
0.03—0.67

(-101) - 313
0-34

0.10 - 5.55
2.10-71.19
0.17-2.76

0.01 —818.87
0.01 —524.38
0.02 -231.65
0.01 -336.32

"Belonging to dominant metal atom in the MOF
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( DECISION TREE ANALYSES D

Gravimetric Based Volumetric Based
Analyses Analyses

CHs
delivery

CH,
delivery

Structural Structural
Structural Structural
NP+MPD+DW‘) (VF‘MPD‘O‘,’“)
User-defined User-defined User-defined User-defined
descriptors descriptors descriptors descriptors

Figure 3.2. Plan for the decision tree analyses.

__ARTIFICIAL NEURAL NETWORK ANALYSES

Gravimetric Based Volumetric Based
Analyses Analyses

CH,4
delivery

CH, CH,
delivery uptake

Structural Structural
Structural Structural
(Vp+MPD) (Vp+MPD) (Vp+MPD-+pcryst) (Vp+MPD+pcrys)
User-defined User-defined User-defined User-defined
descriptors descriptors descriptors descriptors

Figure 3.3. Plan for the artificial neural network analyses.

3.2. Computational Details

The computational analyses were performed using RStudio (Version 1.0.153), which

Is an open source for statistical computing and graphics. Several data mining algorithms
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and functions were used; several codes were written in RStudio for this work to achieve

the best results.

3.2.1. Decision Tree Analysis

Decision tree analysis was performed using rpart function of RStudio (Version
1.0.153) in classification mode. Gini index was used as the measure to select the optimal
split; minbucket number (minimum number of observations in leaf / terminal node) and
maxdepth number (depth of the tree) were tuned to obtain the optimal tree [78-80]. The
five-fold cross validation was applied to determine the final tree structure; accordingly, the
data was divided into five subsets; the decision tree is constructed from four sets and tested
with the remaining one. The procedure was repeated for five times for all five
combinations, and the average testing error (the fraction of the wrong classifications to the
total observations) was calculated from all folds. To divide the database into five folds,
first rep_len function is used to replicate the values of 1, 2, 3, 4 and 5 (number of folds)
until reaching the number of the data points; then sample function is utilized to mix them
randomly. This newly constructed index vector serves as the basis of the fold selection; in
other words, elements having the value of 1 form the 1% fold, the value of 2 forms the 2™
fold and so on.

In order to determine the minbucket and maxdepth value, four nested loops were
utilized; the outermost loop sets the number of run (in our case it was ten), the innermost
loop controls the five-fold cross validation and the intermediate loops were utilized to
check the minbucket and maxdepth values. Then testing and training accuracies were
calculated by using Equation 3.1 and they were given in Table 3.6 and Table 3.7; the
models with maxdepth values of 1 and 2 were indicated as “Nan” because data were not
classified successfully. For all maxdepth values, it was detected that accuracies are
decreasing as minbucket values increasing. When the number of observations in leaf node
namely minbucket is very high, the decision tree will be too simple in order to classify
these observations correctly and consequently the accuracy will be low. Hence, it is
important to balance the accuracies with the purity of the terminal nodes. Since there were
no significant differences in accuracies and the purity of the terminal nodes was another

important criterion to determine the minbucket and maxdepth values, these values were
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determined by checking the purity of the terminal nodes instead of calculating accuracies.
As a result, the minbucket and maxdepth giving the relatively high average testing and
training accuracies with sufficiently pure terminal nodes were determined of seven and
eight, respectively for all models. Then the decision tree structures were constructed using
these values to determine the rules and heuristics for the CH,4 delivery / CH,4 uptake.

correctly placed instances (3.2)
accuracy = - %100
all instances
Table 3.6. Testing accuracy (%) for gravimetric CH,4 delivery using user defined
descriptors.
Minbucket Maxdepth Values
Values 1 2 3 4 5 6 7 8 9 10

1 NaN | NaN | 55.16 | 55.43 | 56.19 | 56.60 | 57.70 | 58.24 | 58.72 | 59.46
2 NaN | NaN | 55.16 | 55.43 | 56.19 | 56.59 | 57.67 | 58.20 | 58.68 | 59.39
3 NaN | NaN | 55.16 | 55.37 | 56.11 | 56.47 | 57.50 | 57.87 | 58.35 | 58.91
4 NaN | NaN | 55.15 | 55.29 | 55.99 | 56.23 | 57.35 | 57.59 | 58.12 | 58.79
5 NaN | NaN | 55.07 | 55.19 | 55.78 | 55.94 | 57.16 | 57.30 | 57.75 | 58.29
6 NaN | NaN | 54.96 | 54.86 | 55.62 | 55.67 | 56.64 | 56.69 | 57.04 | 57.43
7 NaN | NaN | 54.96 | 54.77 | 55.44 | 55.46 | 56.29 | 56.22 | 56.51 | 56.79
8 NaN | NaN | 54.96 | 54.79 | 55.36 | 55.51 | 55.99 | 56.01 | 56.27 | 56.50
9 NaN | NaN | 54.91 | 54.65 | 55.16 | 55.39 | 55.59 | 55.68 | 55.85 | 56.08
10 NaN | NaN | 54.91 | 54.65 | 55.23 | 55.38 | 55,55 | 55.59 | 55.64 | 56.10
15 NaN | NaN | 54.93 | 54.74 | 54.98 | 55.26 | 55.34 | 55.53 | 55.68 | 55.68
20 NaN | NaN | 55.02 | 54.83 | 55.00 | 55.13 | 54.99 | 55.36 | 55.36 | 55.38
25 NaN | NaN | 55.10 | 54.90 | 54.92 | 54.86 | 54.89 | 55.05 | 55.21 | 55.22
30 NaN | NaN | 55.19 | 54.96 | 55.11 | 54.70 | 54.59 | 54.83 | 54.94 | 54.94
50 NaN | NaN | 55.15 | 54.07 | 54.50 | 5458 | 54.24 | 54.32 | 54.32 | 54.32

Table 3.7. Training accuracy (%) for gravimetric CH,4 delivery using user defined
descriptors.

Minbucket Maxdepth Values
Values 1 2 3 4 5 6 7 8 9 10
1 NaN | NaN | 59.21 | 59.71 | 59.12 | 60.79 | 64.38 | 68.39 | 69.64 | 71.72

NaN | NaN | 59.21 | 59.71 | 59.12 | 60.79 | 64.38 | 68.39 | 69.64 | 71.72

2
3 NaN | NaN | 59.21 | 59.71 | 59.12 | 60.66 | 64.24 | 68.11 | 69.21 | 71.35
4 NaN | NaN | 59.21 | 59.37 | 59.22 | 60.77 | 64.35 | 68.27 | 69.28 | 71.43
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Table 3.7. Training accuracy (%) for gravimetric CH, delivery using user defined
descriptors. (cont.)

Minbucket Maxdepth Values
Values 1 2 3 4 5 6 7 8 9 10
5 NaN | NaN | 59.21 | 59.21 | 58.62 | 59.90 | 63.23 | 66.89 | 68.36 | 70.16
6 NaN | NaN | 59.21 | 59.21 | 58.62 | 59.90 | 63.45 | 66.81 | 68.34 | 70.23
7 NaN | NaN | 58.83 | 58.83 | 58.51 | 59.79 | 63.33 | 66.75 | 68.16 | 69.45
8 NaN | NaN | 58.83 | 58.83 | 58.51 | 59.24 | 62.53 | 65.96 | 67.43 | 68.64
9 NaN | NaN | 58.83 | 58.83 | 57.99 | 58.73 | 62.41 | 65.69 | 66.26 | 67.23
10 NaN | NaN | 58.83 | 58.83 | 57.99 | 58.73 | 62.41 | 65.78 | 66.32 | 67.06
15 NaN | NaN | 58.19 | 58.19 | 56.67 | 57.41 | 59.92 | 61.51 | 63.74 | 63.74
20 NaN | NaN | 58.19 | 58.19 | 56.35 | 57.07 | 59.51 | 61.15 | 63.29 | 63.48
25 NaN | NaN | 58.19 | 58.19 | 56.35 | 57.07 | 59.51 | 60.65 | 62.67 | 62.67
30 NaN | NaN | 58.19 | 58.19 | 56.35 | 57.21 | 58.87 | 60.20 | 60.20 | 60.20
50 NaN | NaN | 58.19 | 58.19 | 56.35 | 57.36 | 58.05 | 58.05 | 58.05 | 58.05

3.2.2. Artificial Neural Network Analysis

The artificial neural networks were created using mlp function of RStudio (Version
1.0.153). The continuous variables in the database were in various ranges; for instance
total degree of unsaturation is in between -101 and 313 whereas N/O is in the range of 0-
34. This kind of large gap between ranges may cause inappropriate results in ANN
analysis. Therefore, normalization of both input and output variables is required so that all
the variables are at a comparable range. To do that, Equation 3.2 was used; the mean and
variance of data was transformed to zero and one, respectively. After the predictions were
done by using ANN model, the output was converted to its real value using the same
equation.

X Xmin (3.2)

max~Xmin

Xnormalized—

After normalizing the data, the categorical variables were converted into continuous
variable by using one-of-N encoding [81]. In this method, each category is represented as a
separate variable. For example, the metal type is a categorical variable; hence metal types
were converted into seven variables as Cu, Cd, Co, Fe, Mn, Zn, and Ni. Then the value of a
metal used in a specific MOF was taken as one, while the other metals were taken as

zero [9].
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An ANN model is considered as successful when it as able to learn the patterns and
then use this knowledge for generalization. If ANN learns too many patterns and loses its
ability to generalize similar patterns, an issue called overlearning takes place [82]. In order
to overcome the overlearning (memorizing the training samples by the model), validation
of the model was performed on unseen data by applying k-fold cross validation analysis
(with a “k” value of five in this work) [83-86]. Root mean square error (RMSE) was taken
as the measure of the model fitness and calculated by using Equation 3.3 where y; is the
actual value, §; is the predicted value and n is the number of data points. The entire
database was randomly divided into five folds; and then data taken from four folds were
used to construct the ANN model to predict the outcome of the remaining one-fold. This
procedure was repeated for five times until all subsets were covered. Final RMSE testing
error was calculated by taking average of testing errors obtained in all folds. RMSE of
training was determined by using the entire database. Five-fold cross validation was

carried out by using rep_len and sample functions in RStudio as well.

(3.3)
RMSE=

n
= (9
nL Yii

As it mentioned above, mlp function was used to create and run a multilayer
perceptron. There are some elements in that function to be decided to optimize the model,
these are namely size (number of units in the hidden layers), hiddenActFunc (the activation
function of all hidden units), learnFunc (learning function), linOut (type of activation

function).

Commonly used learning and activation functions have been chosen to find optimal
functions [87-89] between all learning and activation functions [90]. Learning and
activation functions given in Figure 3.4 were tried one by one by fixing one learning
function while activation function changes. All combinations of functions were run ten
times and RMSE of each of them were calculated; the average RMSE values were
considered. The optimum functions were determined according to lowest RMSE values.
This process was carried out with the help of four nested loops; outermost loop controls
number of runs, the innermost loop controls the five-fold cross validation and the learning

and activation functions were checked with two intermediate loops. The whole procedure
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was carried out for all databases given in Figure 3.3 and a common result was obtained. It
was seen from Table 3.8 - Table 3.15 that similar RMSE values were achieved except the
value obtained by using the functions “BackpropBatch” and “Act StepFunc”.
Consequently, conjugate gradient (gradient descent) algorithm namely “SCG” was used as
the learning function to adapt the weights, whereas Sigmoid (or Logistic) function namely

“Act Logistic” was used as an activation function.

ACTIVATION FUNCTIONS OF ALL HIDDEN UNITS

P v v A

[ Act_Logistic J [Act_Tanh ] [Act_StepFunc ] [Act_RBF_Gaussian]

C LEARNING FUNCTIONS >

Pl v v )
Std_Baclf Backprop Backprop Rprop SCG
propagation Batch Chunk

Figure 3.4. Activation and learning functions tested in the models.

Table 3.8. RMSE results of activation and learning function matrix for gravimetric CH,

delivery using user defined descriptors.

ACTIVATION FUNCTION

RMSE Act_Logistic | Act_Tanh | Act_StepFunc ACt—RBF—

Gaussion
O = Std_Backpropagation 101.10 100.02 119.52 99.44
Z O | BackpropBatch 104.93 104.49 105.76 104.89
5 B BackpropChunk 99.79 100.26 123.06 99.88
< Z | Rprop 127.72 105.01 113.49 113.99
- LiscG 100.68 101.74 109.60 102.73
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Table 3.9. RMSE results of activation and learning function matrix for gravimetric CH,

delivery using structural properties.

ACTIVATION FUNCTION

RMSE .
Act_Logistic | Act_Tanh | Act_StepFunc ACt—RI.BF—
Gaussion
= Std_Backpropagation 30.13 29.84 103.36 30.00
Z O | BackpropBatch 96.62 96.92 99.12 96.30
E'C, BackpropChunk 30.40 30.32 105.62 30.32
< 5| Rprop 30.06 30.17 108.85 30.12
- L 1scG 29.97 29.97 99.74 29.97

Table 3.10. RMSE results of activation and learning function matrix for gravimetric CH,4

uptake using user defined descriptors.

ACTIVATION FUNCTION

RMSE -
Act_Logistic | Act_Tanh | Act_StepFunc ACt—RBF—
Gaussion
o = Std_Backpropagation 85.64 85.60 98.16 85.66
Z O | BackpropBatch 85.89 86.08 87.66 85.90
5 B BackpropChunk 85.88 85.50 100.85 85.88
5 % Rprop 84.26 83.59 98.43 83.92
- LiscG 84.85 83.93 93.10 85.83

Table 3.11. RMSE results of activation and learning function matrix for gravimetric CH,4

delivery using structural properties.

ACTIVATION FUNCTION

RMSE -
Act_Logistic | Act_Tanh | Act_StepFunc ACt—RBF—
Gaussion
O = Std_Backpropagation 31.23 30.72 95.82 30.81
Z O | BackpropBatch 84.72 84.58 87.11 84.60
E B BackpropChunk 30.89 30.63 98.00 31.49
ﬁ % Rprop 30.52 30.47 87.67 30.46
- L1scG 29.97 29.97 99.74 29.97
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Table 3.12. RMSE results of activation and learning function matrix for volumetric CH,4

delivery using user defined descriptors.

ACTIVATION FUNCTION

RMSE .
Act_Logistic | Act_Tanh | Act_StepFunc ACt—RBF—
Gaussion
o = Std_Backpropagation 50.32 50.48 59.24 50.06
Z 0 BackpropBatch 49.22 49.20 51.07 49.30
E '5 BackpropChunk 49.96 50.39 60.06 50.45
N Rprop 50.02 50.42 56.57 50.84
- u SCG 50.39 51.00 53.43 50.33

delivery using structural properties.

Table 3.13. RMSE results of activation and learning function matrix for volumetric CH,4

ACTIVATION FUNCTION

RMSE -
Act_Logistic | Act_Tanh | Act_StepFunc ACt—RBF—
Gaussion
o = Std_Backpropagation 35.43 34.89 55.41 35.78
Z O | BackpropBatch 50.13 49.98 51.52 50.10
£ 15 | BackpropChunk 35.56 35.61 57.64 35.54
5 % Rprop 34.83 34.76 53.22 34.65
- L iscG 34.66 34.66 52.42 34.65

uptake using user defined descriptors.

Table 3.14. RMSE results of activation and learning function matrix for volumetric CH,4

ACTIVATION FUNCTION

RMSE Act_Logistic |Act_Tanh | Act_StepFunc ACt—RBF—

Gaussion
O = Std_Backpropagation 48.94 49.08 56.55 50.47
Z O | BackpropBatch 47.87 47.82 51.07 47.89
5 5 BackpropChunk 49.48 48.68 57.79 50.66
ﬁ % Rprop 51.95 51.81 57.02 51.82
- Lisce 47.78 48.03 53.00 48.52
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Table 3.15. RMSE results of activation and learning function matrix for volumetric CH,4

delivery using structural properties.

ACTIVATION FUNCTION
RMSE .

S Act_Logistic | Act_Tanh | Act_StepFunc ACt—RBF—

Gaussion
= Std_Backpropagation 38.56 39.04 60.48 39.08
Z O | BackpropBatch 53.35 53.39 53.69 53.37
§ 5 BackpropChunk 38.60 39.31 59.60 38.92
< 5| Rprop 38.21 38.32 55.28 38.37
— L 1scG 38.46 38.86 53.69 38.46

Optimum network topology (number of units in the hidden layers) was found by
analysing performances of the several models according to their testing and training
errors. Each network topology was run ten times and their average was considered. Seven
network topologies having one hidden layer from one to seven neurons were tested. The
training and testing errors for all topologies tested were given in Figure 3.5 to Figure 3.8
(in a-b-c representation, a, b, and ¢ symbolize number of input variables, number of neuron
in hidden layer, and number of output variable, respectively). The training error decreased
when the network size increased (because of the use of more weights to represent the data)
while the testing error decreased first and then increased again due to an increase in
overlearning [83,84,91,92]. The topologies with the lowest testing errors, which indicate
the ability to predict the unseen data, were selected for ANN models; based on these
topologies, structures of ANN models for all databases were determined as in Table 3.16.
The illustrations of the final ANN topologies belonging to gravimetric CH, delivery

database were given in Figure 3.9.
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Figure 3.5. Network topologies for gravimetric CH,4 delivery a) using user defined

descriptors b) using structural properties.
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Figure 3.6. Network topologies for gravimetric CH4 uptake a) using user defined

descriptors b) using structural properties.
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Figure 3.7. Network topologies for volumetric CH,4 delivery a) using user defined

descriptors b) using structural properties.
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Figure 3.8. Network topologies for volumetric CH4 uptake a) using user defined

descriptors b) using structural properties.
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Table 3.16. Determined ANN Structures.
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Gravimetric Databases ANN Volumetric Databases ANN
Structures Structures

CHy, delivery using user 6-d-1 CHy, delivery using user 6-1-1
defined descriptors defined descriptors

CH, delivery using 941 CH, delivery using 3.4-1
structural properties structural properties

CH, uptake using user 6-0-1 CH, uptake using user 6-2-1
defined descriptors defined descriptors

CH, uptake using structural 941 CH, uptake using 341
properties structural properties
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Figure 3.9. The ANN models for gravimetric CH, delivery a) using user defined

descriptors b) using structural properties c¢) two-step model for CH,4 delivery (user defined

descriptors =» pore volume =» CH, delivery).
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4. RESULTS AND DISCUSSION

First, a general review and simple descriptive analyses of CH, delivery and uptake
databases both on volumetric and gravimetric basis were performed to exhibit the basic
trends and relations; the meaningful relationships were demonstrated. Then, the detailed
analyses were carried out by constructing decision trees to deduce some general
conclusions and heuristics that may be used for future studies. It was seen from the studies
before splitting the input variables into two groups as user defined descriptors and
structural properties that the structural properties may suppress the effects of user defined
descriptors. Hence, decision tree analysis for the user defined descriptors and structural
properties, which are easier to modify for a new MOF with a higher possibility of good
performance, were performed separately. In ANN analyses for gravimetric CH, delivery, it
was also tested whether the user defined descriptors can be used to predict CH,4 delivery

through structural properties in two steps.

4.1. Review and Pre-analysis of Databases

Databases containing 1389 data points (remaining after removing the cases with
correlations and missing data) showing the CH, delivery and CH, uptake both on
gravimetric and volumetric basis against input variables listed in Table 3.5 were pre-
analysed using ggplot function of RStudio (Version 1.0.153) and the main findings are
presented below.

4.1.1. For Gravimetric Databases

Gravimetric CH, databases were analysed to illustrate the basic relations. Figure 4.1
shows the relation between the pore volume and MPD as well as their effects on CH,4
delivery and uptake. For gravimetric analyses shown in Figure 4.1a and Figure 4.1b,
increase in both variables increases the adsorbed CH, amounts. The positive effects of high
pore volume is understandable and it is one of the main reasons that MOFs have been
studied as adsorbents [7,93-95]. However, there are also works that shows the positive
[85,86] as well as the negative [96-98] effects of high MPD.
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Figure 4.1. MPD vs. a) CH,4 delivery and b) CH, uptake with the change of pore

volume.

Figure 4.2 illustrates the effect of pore volume on MOFs containing different metal
types. In general, the pore volume should be as high as possible to obtain high CH,4
delivery or uptake. When the metal types are considered, MOFs containing Cu has the
highest pore volume, which may be the main reason that the highest methane delivery or
uptake values also belong to Cu containing MOFs. When Figure 4.2a and Figure 4.2b are
compared; it is seen that they show similar trend in all metal atoms. However, the impact
of metal types in MOFs on the gas uptake is still a challenge to be clarified. For example,
Wu et al. investigated the effect of metal type on a same MOF (M, (dhtp)), and they
claimed that MOF having Ni as the metal atom exhibits the highest CH, storage at 35 bar
compared to the MOFs having Mg, Mn, Co, and Zn [99]. In another work, Koh et al.
examined 17 metal atoms (M= Be, Ca, Co, Cr, Cu, Fe, Mn, Mg, Mo, Ni, Pb, Sc, Sn, Sr, Ti,
V, W, and Zn) over the same framework (M-HKUST-1) and compared them with Cu-
HKUST in terms of CH, delivery capacity. The MOFs containing Ni and Ca exceed the
performance of Cu-HKUST [100]. Apparently, the effects of metal type also depend on the
other components of the MOF.
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Figure 4.2. Metal type vs. a) CH, delivery and b) CH,4 uptake with the change of pore

volume.

The effects of metallic percentage and nitrogen to oxygen ratio (N/O), on to CH,4
delivery are presented in Figure 4.3a and 4.3b, respectively. Although no clear trend was
observed, Figure 4.3a.1 and Figure 4.3b.1 indicate that the higher amount of CH,4 delivery
or uptake around the metallic percentage range of (0-2) % (based on the number of atoms).
Figure 4.3a.2 and Figure 4.3b.2 show that MOFs with low N/O ratios in this database are
superior in terms of CH, delivery or uptake; this could be partially because the database
contains more MOFs having low N/O ratio. As far as we know, there is no study involving
impacts of metallic percentage and N/O ratio on CH,4 uptake or delivery over MOFs except
for the one reported by Pardakhti et al. [2]; they have investigated whether the prediction

of CH, uptake is possible or not by using some variables containing metallic percentage

and N/O ratio.
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Figure 4.3. CH,4 delivery vs. a.1) metallic percentage and a.2) N/O ratio; CH,4 uptake vs.
b.1) metallic percentage and b.2) N/O ratio.

Figure 4.4 and Figure 4.5 exhibit the relationship between the crystal structures of
MOFs and the amount of CH, delivery and uptake for the entire database and seven metal
types. The MOFs having tetragonal and cubic structure have higher CH,4 delivery and
uptake, whereas the MOFs containing triclinic structure have lower delivery values in the
entire databases. Similar trends were also observed for Cu and Zn based MOFs; this may
also be true for the other metals as well, but number of data available for those cases is not
sufficient. As far as we know, no works which we can use to verify these results were
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reported presenting a relationship between the crystal structure and the CH, uptake or

delivery over MOFs in the literature.
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Figure 4.5. Crystal structure vs. CH,4 uptake for the entire database on the basis of each

metal type.

The ratio of electronegative atoms to total number of atoms (electronegativity ratio)
was also used as an input variable to examine its effect on CH, delivery and uptake
roughly before the modelling stage (Figure 4.6 and Figure 4.7). The top graph (a) contains
the entire database and is clustered with respect to metal atoms; this graph suggests that the
MOFs containing Cu (shown with green dots) and Zn (shown with pink dots) may have a
relation between the electronegativity ratio and the CH, delivery and uptake; the data
points were located around the electronegativity ratio range of 0.1-0.2. Hence, MOFs
containing Cu and Zn were re-plotted separately (b and c) to investigate this relationship
further. It was observed that as the number of electronegative atoms increase in MOFs
containing Cu or Zn as metal atoms, the CH, delivery decreases even though there are also
MOFs with low electronegativity ratio but still has low CH,4. Although Pardakhti et al.
used electronegativity ratio as one of the variable to predict the CH,4 uptake, they provided

no information on its effect on the uptake or delivery capacity [2].
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Figure 4.6. Electronegativity ratio vs. CH, delivery involving a) entire database b) Cu-
based MOFs c) Zn-based MOFs.
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Figure 4.7. Electronegativity ratio vs. CH4 uptake involving a) entire database b) Cu-based
MOFs c) Zn-based MOFs.

4.1.2. For Volumetric Databases

In order to compare the effects input variables on volumetric CH, databases with
gravimetric, the same analysis as in Section 4.1.1 was performed and the important
relationships obtained are shown below. When Figure 4.8 and Figure 4.1 are compared, it
is seen that the effects of MPD and pore volume on CH, delivery / uptake are similar but
not identical; linearity is not very obvious in Figure 4.8. The data points in the MPD range
of 10-20 A, and the pore volume range of 3-4 cm*/g have high CH, delivery and uptake.
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Figure 4.8. MPD vs. a) CH, delivery and b) CH,4 uptake with the change of pore volume.

As different from the gravimetric databases, the effect of density and pore volume
can be examined on the volumetric amount of adsorbed CH, as in Figure 4.9. As the pore
volume increases and the density decreases to a certain value (less than 1 g/cm®), the
amount of adsorbed CHy, increases; with the further decreases in density after a certain
value, the amount of CH, begins to fall. Consequently, as can be also seen from Figure 4.9,
there is a limit on the density value for both CH,4 delivery and high uptake. In the work of
Purewall et al., the inverse proportion of pore volume and density was also detected [101].
When they compare MOFs having different densities (all of them are less than 1 g/cm?®) in
terms of the volumetric amount of adsorbed H,, they have found that when the density
increases and get close to 1 g/cm?®, the amount of H, increases. Since the density values in
Figure 4.9 were rounding to integers, decision tree analysis explained in further sections
was useful to compare the results. Yuan et al. investigates the effect of density densities
(all of them are less than 1 g/cm®) on both volumetric and gravimetric amount of adsorbed
CH,4, CO,, N2 and H; and they have found similar results with Purewall et al.; when the

density increases and get close to 1 g/cm®, the amount of CH, increases [101,102].
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Figure 4.9. Pore volume vs. a) CH, delivery and b) CH, uptake with the change of density.
4.2. Data Mining Analyses

After reviewing the general relations of input variables between themselves and
output variables, the decision tree and artificial neural network modelling were performed
as explained in Figure 3.2 and Figure 3.3. First, the heuristics for high methane uptake
were developed via decision trees analysis, and then the predictability of the output
variable was tested by using artificial neural network; this procedure was followed for all
databases (ie. gravimetric delivery, gravimetric uptake, volumetric delivery and volumetric

uptake).

The decision tree analyses in classification mode were performed using user defined
descriptors and structural properties given in Table 3.5. For the model developed using
user defined descriptors (with 1389 instances), the delivery data divided into three classes
as low, medium, and high (approximately 0-33" 34" -66" and 67""-100" percentile,
respectively); the number of instances were kept equal to avoid class imbalance problem
[103]. The same delivery limits were also used in the model involving structural properties
for comparison even though the total number of instances and their distribution among the
classes were changed to 2224; however, the numbers of instances in all three classes were

still close enough to avoid the class imbalance problem.
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4.2.1. For Gravimetric Databases

In this section, gravimetric CH,4 delivery (from 65 bar to 5 bar) and CH, uptake (at

35 bar) were analysed using the decision tree and artificial neural network.

4.2.1.1. CH, Delivery. 453 instances having CHy4 delivery lower than 36 cm®g was

classified as low, 454 instances having CH. delivery higher than 36 cm®/g, and lower than
100 was classified as medium, and 482 instances with CH, delivery higher than 100 cm®/g
was classified as high. For structures properties (only pore volume and maximum pore
diameter were remained after correlation analysis), the class limits were chosen the same
as those used for user defined descriptors; with these limits, 818, 767, and 639 instances
for CH, delivery were classified as low, medium, and high, respectively. Although the
numbers of data points in each class were not as much balanced as in the tree for user
defined descriptors given in Table 4.1, they were sufficiently close to avoid the imbalance

problem.

Table 4.1. The range of the gravimetric amount of CH,4 delivery and corresponding number

of instances.

Number of instances
Range Classes
User defined descriptors  Structural properties
<36 cm*/g Low performing 454 818
36 - 100 cm®g  Medium performing 453 767
>100cm®g  High performing 482 639

Decision Tree. After reprocessing database, the input variables given in Table 3.5
were analyzed separately as user defined descriptors and structural properties basis. First,
all user defined descriptors were used and the tree shown in Figure A.1 was obtained. The
atomic radius and the group number were not appeared as the split criteria in the tree as
they were the features of the dominant metal atom rather than MOF; additionally, there are
no such variables found in MOF modeling literature based on modelling as atomic radius
and group number as well. Hence, the atomic radius and group number are excluded from

the dataset (from the other set as well), another tree is constructed and its simplified
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version presented in Figure 4.10 by excluding those two variables (full version of tree is

presented in Appendix A, Figure A.2).

The accuracy rates were 66.3% and 58.1% for training and testing respectively; these
values mean that the decision tree correctly placed 66.3 percent of training data points,
which is already used in model building, and 58.1% of the data points that are not seen
before. The training and testing accuracy rates of individual classes are shown in confusion
matrices illustrated in Table 4.2. To calculate the testing accuracy, five-fold cross
validation method was used as explained in Section 3.2.1. When the accuracy rates of each
class are examined separately, it can be clearly seen that the accuracy of high and low
delivery classes are much better; the low accuracy of medium class, which is usually the
case because of the leaks from both sides, reduces the average classification accuracy
entire tree. For example, the testing and training accuracy rates for high CH, delivery were
73% and 66.6% respectively. The accuracy of some of the individual branches, which are

more important to develop rules and heuristics, are much higher.

The tree was first divided according to the MOFs’ crystal structure, which is a
categorical attribute with seven alternatives. If the crystal structure of the MOF was cubic,
it resulted in higher CH,4 delivery depending on other limitations. The second decision
point was the total degree of unsaturation of the MOF. The N/O ratio and metallic
percentage were found to have small effects to determine if a MOF had high CH,4 delivery.
The limits of branch divisions (for example metallic percent of 1.7) are usually the average
of the highest value at one side and the lowest value at the other side; hence, there may not
be such an exact data point. If that is the case, the first smaller and higher values should be

considered as the limit of lower and upper classes, respectively.

Three branches (having more than 80% purity) of the tree were decided as heuristics
for high CH4 delivery and they were tabulated in Table 4.3 for the future studies.
According to branch shown as H1 in Table 4.3 if the crystal structure of the MOF was
cubic and the total degree of unsaturation was greater than or equal to 17, the CH,4 delivery
was high only if the metallic percentage of the MOF was higher than or equal to 1.7. There
were 125 MOFs satisfying these conditions and 110 of them were classified as having high
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CH, delivery; (110/125)x100 = 88% is a strong statistical result that can be considered as

heuristics for the future studies.

Table 4.2. Confusion matrices of decision tree constructed using user defined descriptors

for gravimetric CHy delivery.

Database Predictions o
Classification
0
Class Number of Low Medium High accuracy, %
Data
Training  Low 454 339* 87 28 74.8
Medium 453 127 230* 96 50.7
High 482 67 63 352* 73.0
Total 1389 66.3
Testing Low 454 294* 115 45 64.9
Medium 453 163 192* 98 42.3
High 482 80 81 321* 66.6
Total 1389 58.1

Three branches (having more than 80% purity) of the tree were decided as heuristics
for high CH,4 delivery and they were tabulated in Table 4.3 for the future studies.
According to branch shown as H1 in Table 4.3 if the crystal structure of the MOF was
cubic and the total degree of unsaturation was greater than or equal to 17, the CH, delivery
was high only if the metallic percentage of the MOF was higher than or equal to 1.7. There
were 125 MOFs satisfying these conditions and 110 of them were classified as having high
CH, delivery; (110/125)x100 = 88% is a strong statistical result that can be considered as

heuristics for the future studies.

If the crystal structure was not cubic, there was still a chance of having a high CH,4
delivery capacity as apparent in Heuristics 2 and 3. According to the second heuristic
route, the second decision point was N/O ratio. If this ratio was lower than 0.24, the
algorithm questioned the crystal structure of the MOF again. If the crystal structure was
orthorhombic, tetragonal, triclinic or trigonal and the total degree of unsaturation was
greater than or equal to 37, these conditions yield high amount of CH,4 delivery; 68 out of

83 MOFs were classified correctly. In the third route, the metal type of the MOF became
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crucial. MOFs containing iron or copper as metal atoms were identified as having high
CHy delivery (47 out of 55 MOFs classified correctly); it should be remembered that the
importance of copper atom was also apparent in the review and pre-analysis part of the
work. Although the number of data points in these branches was lower than the branch for
H1, they are still significant and their accuracies of 82% for H2 and 85% for H3 are quite
high.
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Figure 4.10. Simplified form of gravimetric CH, delivery classification tree developed by using user defined descriptors.

Table 4.3. Heuristics for high gravimetric CH,4 delivery for decision tree developed using user defined descriptors.

Accuracy of

Variables and their limitations to have a high CH, delivery classification Heuristics
_ . Total degree of .
If crystal structure = cubic unsaturation > 17 Metallic percentage > 1.7 110/125 H1
If crystal st_ru_ctl_Jre = o'rthorhomblc, N/O <0.24 Total degree of unsaturation > 37 68/83 H2
tetragonal, triclinic or trigonal
If crystal structure = tetragonal or N/O <024 37 > Total degree of unsaturation Metal type = Cu or Fe 47/55 H3

trigonal

>7.2
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The decision tree classification was also performed using structures properties (only
pore volume and maximum pore diameter were remained after correlation analysis); the
class limits and the number of corresponding instances were given in Table 4.1. The final

decision tree was shown in Figure 4.11.

Pore volume < 0.52 Pore volume > 0.52

Pore volume < 0.3 Pore volume > 0.3

Pore volume > 0.63

MPD >9.1 Heuristic 1
474/489 data

Pore volume < 0.63

MPD < 6.3 MPD > 6.3 Low-

Medium

MPD <9.1

Low Low-

Medium Medi
646/778 data edium
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Figure 4.11. Simplified form of gravimetric CH, delivery classification tree developed by

using structural properties.

The accuracy rates were found as 84.0% and 82.4% for training and testing,
respectively. To calculate the testing accuracy, five-fold cross validation method was used.
The training and testing accuracy rates of classification for individual classes were shown
in confusion matrices illustrated in Table 4.4. The results for high CH, delivery were quite
successful (more than 95% correctly classified MOFs); it was much better than the results

of the decision tree constructed from user defined descriptors.

The decision tree had one major (Heuristic 1) and one minor (Heuristic 2) routes to
obtain high CH,4 delivery; for both, the tree first divided according to the pore volume
(greater than or equal to 0.52 cm®/g). In Heuristics 1, the tree was divided again based on
pore volume (greater than or equal to 0.63 cm®/g) and reached to the final terminal node
having 489 data points, of which 474 were correctly classified as high (the accuracy rate of
97 %). For Heuristic 2, on the other hand, MPD functioned as a final decision point (lower
than 9.1 A) for MOFs having pore volume between the range of 0.52 — 0.63 cm®/g; the 77
of the 89 data points in the terminal node was correctly predicted (with accuracy rate of
87%).
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Table 4.4. Confusion matrices of decision tree constructed using structural properties for

gravimetric CH, delivery.

Database Predictions
Classification
0
Class ~ Number of Low  Medium  High Uy
Data
Training Low 818 712* 102 4 87.0
Medium 767 139 594* 34 77.4
High 639 0 77 562* 87.9
Total 2224 84.0
Testing Low 818 702* 10 6 85.8
Medium 767 146 580* 41 75.6
High 639 0 88 551* 86.2
Total 2224 82.4

Considering that the major route for high CH,4 delivery were decided based on only
the pore volume, a decision tree model involving only this structural property was also
constructed and presented in Figure A.4. As expected, it generated the same branch having
489 data points with the same level of accuracy (474 correctly classified points). This
indicates that only the pore volume can be considered as the structural properties in
decision making since not only the 97% prediction accuracy (474 out of 489) of this

branch is quite high, but also it covers 74% of all high-class cases (474 out of 639).

Artificial Neural Network. The artificial neural network analyses to predict the CH,4
delivery were performed using user defined descriptors (with 1389 instances) and
structural properties (with 2224 instances), separately. The ANN analysis using pore
volume only were also tried and given in the same section. Because the successful CH,4
delivery capacity predictions were obtained from the that model, a two-step approach was
also tested to investigate whether the pore volume only can be expressed as a function of
user defined descriptors and then be used to predict the methane delivery. The pore volume
was first predicted from a separate ANN model using user defined descriptors, and then
those predictions were used to construct a new model for CH,4 delivery prediction. The
topologies of ANN models were given in Table 3.16; 5-fold cross validation method was
applied as explained in Section 3.2.2. RMSE of both testing and training were used as the

measure of fitness of model.
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The results of ANN models to predict CH,4 delivery directly from the structural
properties were given in Figure 4.12. The predictions obtained from ANN model were
shown in y-axis, whereas the actual data was placed in x-axis. The RMSE of training was
found as 85.0 cm®/g, while that of testing was 100.9 cm*/g (approximately corresponds to
+ 101 cm®/g error in CH, predictions), which is rather high. The model seems to over
predict the low CH, delivery values, whereas it underpredicts the high delivery capacities;
hence it cannot be considered as successful. The reason for the overestimation of the low
deliveries may be originated from the fact that MOFs were assumed to have perfect crystal
structures in GCMC, although they may have pinholes or disorders; consequently, the
delivery may be overestimated in simulations. In the case of underestimation, there may be
some other factors (like the presence of amine or extra framework action), which are not
considered (only LJ interactions are used) in simulations even though they may affect the
delivery capacity through chemisorption. Hence, it is not possible to simply correlate
MOFs’ CHy uptakes with a few properties; other factors, such as the presence of specific

functional groups may also strongly affect the gas uptakes of MOFs.
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Figure 4.12. Actual versus predicted gravimetric CH,4 delivery values from ANN model
constructed with user defined descriptors a) for training dataset and b) for testing dataset.

Then, the second ANN model to predict CH; delivery was constituted using
structural properties The results obtained for testing and training are given in Figure 4.13;
this time, the model is quite successful with the approximate RMSE values of 22.2 cm®/g
and 26.8 cm®(g, respectively. The success of the model is also evident from the
Figure 4.13a; the computed and model predicted CH, delivery plots were almost match
with the 45°-line.
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Figure 4.13. Actual versus predicted gravimetric CH,4 delivery values from ANN model

constructed with structural properties a) for training dataset and b) for testing dataset.

Another ANN model to predict CH, delivery was constituted using pore volume only
and given in Figure 4.14. To investigate the relationship between the pore volume and the

CHy, delivery capacity, the linear regression model was also fitted and given in Figure 4.15.
Although the coefficient of determination (R?), which is a measure of how well the model
fits, was quite high (0.92), there seems to be some nonlinear effects because the ANN

results are better especially at high delivery values.
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Figure 4.14. Actual versus predicted gravimetric CH, delivery values from ANN model

constructed with pore volume only a) for training dataset and b) for testing dataset.
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Figure 4.15. a) Linear regression model and corresponding best fit b) Actual versus
predicted gravimetric CH,4 delivery values for entire database.

The results achieved with the model including pore volume only led us to investigate
whether it is possible to go from user defined descriptors to pore volume and then to CH,
delivery. Figure 4.16a and Figure 4.16b show the plots of actual versus predicted pore
volume using user defined descriptors for testing and training. The results of ANN model
for CH, delivery from predicted pore volume were given in Figure 4.16¢ and Figure 4.16d.
When the RMSE of training and testing in Figure 4.12a and Figure 4.16¢ were compared,
there was no improvement in the prediction of the CH,4 delivery capacity because of the
fact that the pore volume predictions from the user defined descriptors were also poor. As
a result, while the structural properties seems to define the CH, delivery mechanism well,
neither pore volume nor the CH, delivery can be predicted from the user defined
descriptors; this may verify the above discussion that there may be some missing

variables/information in user defined descriptors.
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Figure 4.16. The results of two-step ANN model as actual versus predicted values; for

predicting pore volumes a) training dataset b) testing dataset; for predicting CH, delivery

values c) training dataset and d) testing dataset.

4.2.1.2. CH,4 Uptake. The range of the gravimetric amount of CH, uptake at 35 bar and

corresponding number of instances for user defined descriptors and structural properties

are given in Table 4.5.

Table 4.5. The range of the gravimetric amount of CH, uptake at 35 bar and corresponding

number of instances.

Range Classes Number of instances
User defined descriptors ~ Structural properties
< 75cm’lg Low performing 423 784
75-155cm’/g Medium performing 491 797
>155cm’/g  High performing 475 643
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Decision Tree. Decision trees and the corresponding confusion matrices for
gravimetric CH,4 uptake were given below. In Figure 4.17, user defined descriptors were
taken as inputs; and the accuracies for testing and training from that tree were given in
Table 4.6 as 58.4 % and 68.0 %, respectively.

Two branches having 80 % purity were selected as heuristics giving high CH,4 uptake
amounts. In Heuristic 1, MOFs with less than 0.34 electronegativity, cubic structure and
higher total degree of unsaturation than 9.5 were classified as having high gravimetric CH,4
uptake with 84 % accuracy. If the crystal structure was not cubic but the electronegativity
ratio was still less than 0.34, the model questioned the value of total degree of unsaturation
again to have high gravimetric CH,4 uptake (should be higher than 9.8). However, these
split points were not sufficient to complete the Heuristic 2; MOFs’ having N/O less than
0.16, also not having monoclinic and triclinic structure, metallic percentage less than 5.8
and the electronegativity ratio less than 0.27 were found as having high CH,4 uptake. There
were 167 MOFs satisfying these conditions and 135 of them were predicted correctly;

(135/167)x100 = 81% is a strong statistical result.
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Figure 4.17. Simplified form of gravimetric CH, uptake classification tree developed by

using user defined descriptors.
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Table 4.6. Confusion matrices of decision tree constructed using user defined descriptors

for gravimetric CH,4 uptake.

Database Predictions
Classification
V)
Class ~ Numberof Low  Medium High oo &
Data
Training Low 423 244%* 122 57 57.7
Medium 491 59 347%* 85 70.7
High 475 25 96 354% 74.5
Total 1389 68.0
Testing Low 423 209%* 151 63 49.4
Medium 491 104 278%* 109 56.6
High 475 47 104 324% 68.2
Total 1389 58.4

On the other hand, a relatively small and straightforward tree was obtained by using

pore volume and MPD as structural properties. One major route for high gravimetric CH,

uptake was indicated in Figure 4.18; classification successes of high performing class for

both training and testing accuracy were greater than 90 %. The overall and the class-based

accuracy rates were given in Table 4.7. There were 600 MOFs having pore volume greater

than 0.56 cm®/g in the database and 546 of them were correctly placed by using decision

tree algorithm; corresponds to 91 % purity.
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Figure 4.18. Simplified form of gravimetric CH, uptake classification tree developed by

using structural properties.
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Table 4.7. Confusion matrices of decision tree constructed using structural properties for
gravimetric CH, uptake.

Database Predictions
Classification
0
Class Number of Low Medium High acouracy, %
Data
Training Low 784 703* 79 2 89.7
Medium 797 85 629%* 83 78.9
High 643 0 33 610%* 94.9
Total 2224 87.3
Testing Low 784 693* 89 2 88.4
Medium 797 104 612%* 81 76.8
High 643 0 59 584%* 90.8
Total 2224 84.9

Artificial Neural Network. The gravimetric CH, uptake were predicted via ANN tool
by using both user defined descriptors (with 1389 instances) and structural properties (with
2224 instances), separately. Determined ANN structures given in Table 3.16 were
followed to decide the number of hidden layers; 5-fold cross validation was also carried

out.

The predictions obtained from ANN models were plotted against actual values and
the corresponding RMSE values were calculated. In Figure 4.19, better predictions were
obtained by user defined descriptors when it was compared with Figure 4.12; but still the

RMSE values were high (72.8 cm®/g for training and 82.5 cm®/g for testing).

The model achieved by using only structural properties was illustrated in
Figure 4.20; the training and testing RMSE were 23.3 cm®/g and 29.1 cm®/g, respectively.
Comparing them with the RMSE values of gravimetric CH,4 delivery, it was seen that

better results were obtained with models shown in Figure 4.13.
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Figure 4.19. Actual versus predicted gravimetric CH, uptake values from ANN model

constructed with user defined descriptors a) for training dataset and b) for testing dataset.
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Figure 4.20. Actual versus predicted gravimetric CH, uptake values from ANN model

constructed with structural properties a) for training dataset and b) for testing dataset.

4.2.2. For Volumetric Databases

In this section, decision tree and artificial neural network models were constructed
for both volumetric CH4 delivery (from 65 bar to 5 bar) and uptake (at 35 bar). User
defined descriptors and structural properties were approached in separate analyses; 1389

and 2224 data points were used respectively.
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4.2.2.1. CH,_Delivery. The range of the volumetric amount of CH, delivery and

corresponding number of instances for user defined descriptors and structural properties

are given in Table 4.8.

Table 4.8. The range of the volumetric amount of CH,4 delivery and corresponding number

of instances.

Range Classes Number of instances
User defined descriptors  Structural properties
<50 cm*/g Low performing 433 773
50 - 105 cm®g  Medium performing 458 748
>105cm®g  High performing 498 703

Decision Tree. In order to determine the routes, which reach to the MOFs having
high volumetric CH,4 delivery, the decision tree analyses were performed; the simplified
version of tree constructed by using user defined descriptors was given in Figure 4.21 (the
full tree in Figure A.7). It was first divided based on the type of crystal structure; if MOF
has a cubic structure with metallic percentage higher than 1.7 and total degree of
unsaturation greater than 17, this MOF will be included in high performing class with a
probability of 88 % (110/125x100). As a second heuristic route, if the crystal structure is
another type rather than cubic, there is still chance to have high volumetric CH,4 delivery.
Additional four conditions were required to have high delivery amounts with a probability
of 75 %. These conditions were listed as follows: having N/O, total degree of unsaturation
and metallic percentage less than 0.24, greater than 17 and less than 4.8, respectively with
a condition of having hexagonal, tetragonal or trigonal structure. Training and testing
accuracy rates in terms of classes were given in Table 4.9; it is seen that they are similar

with those of belonging to gravimetric database.
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Figure 4.21. Simplified form of volumetric CH, delivery classification tree developed by

using user defined descriptors.

Table 4.9. Confusion matrices of decision tree constructed using user defined descriptors

for volumetric CH,4 delivery.

Database Predictions
Classification
V)
Class Number of Low Medium High acouracy, %
Data
Training Low 433 350%* 49 34 80.9
Medium 458 162 228* 68 49.8
High 498 69 46 383%* 76.9
Total 1389 69.2
Testing Low 433 282% 101 50 65.1
Medium 458 180 181%* 97 39.5
High 498 74 85 339%* 68.1
Total 1389 57.7

In volumetric based analysis, density can be considered as a structural property since

the output variable is volumetric. It was seen from the Heuristic 1 in Figure 4.22, if the

pore volume is higher than 0.68, 445 MOFs has high volumetric CH, delivery; 427 data

points out of them were classified correctly as high performing class by using the
algorithm of this model. When MPD (higher than 7.4 A) and density (higher than 1.1

g/cm®) get involved to route, which corresponds to Heuristic 2, relatively small amount of

data points (76 out of 89) were classified correctly; however it has to be mention that the
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purity was still statistically strong (85 %). Classification accuracy rates for training and
testing sets were given in Table 4.10; it was seen that correctly placed data points were

lower than that of the gravimetric database.
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Figure 4.22. Simplified form of volumetric CH, delivery classification tree developed by

using structural properties.

Table 4.10. Confusion matrices of decision tree constructed using structural properties for

volumetric CH, delivery.

Database Predictions
Classification
V)
Class Number of Low Medium High acouracy, %
Data
Training Low 773 641%* 120 12 82.9
Medium 748 149 554% 45 74.1
High 703 21 97 585%* 83.2
Total 2224 80.0
Testing Low 773 620%* 138 15 80.2
Medium 748 172 518%* 58 69.2
High 703 27 117 559%* 79.5
Total 2224 76.3

Avrtificial Neural Network. In order to predict the volumetric CH, delivery, ANN
were performed by using two separate groups of input variable; with user defined
descriptors (with 1389 instances) and structural properties (with 2224 instances). Number
of hidden layers was taken from Table 3.16 and 5-fold cross validation was also applied

for each analysis.
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The results obtained from the models constructed with using user defied descriptors
and with pore volume were shown in Figure 4.23 and Figure 4.24, respectively. Since the
unit of RMSE in volumetric based analyses is cm®cm?® whereas cm®/g in gravimetric based
analyses, the results of ANN models were compared within the same kind of database. By
comparing the below figures, it was seen that user defined descriptors were far from
defining the volumetric CH, delivery and structural properties was not able to sufficient to

predict volumetric CH, delivery.
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Figure 4.23. Actual versus predicted volumetric CH,4 delivery values from ANN model
constructed with user defined descriptors a) for training dataset and b) for testing dataset.
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Figure 4.24. Actual versus predicted volumetric CH,4 delivery values from ANN model

constructed with structural properties a) for training dataset and b) for testing dataset.
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4.2.2.2. CH, Uptake. The range of the volumetric amount of CH4 uptake at 35 bar and

corresponding number of instances for user defined descriptors and structural properties

are given in Table 4.11.

Table 4.11. The range of the volumetric amount of CH, uptake at 35 bar and corresponding

number of instances.

Range Classes Number of instances
User defined descriptors ~ Structural properties
<108 cm®/g Low performing 410 742
108 - 157 cm®/g  Medium performing 484 724
> 157 cm®/g High performing 495 758

Decision Tree. For the decision tree of volumetric CH,4 uptake constructed by using
user defined descriptors, one major and two minor heuristic routes were obtained. The first
decision point of the tree is the type of crystal structure; there was no route generated to
reach the high performing class for MOFs having hexagonal, monoclinic or triclinic
structure. The details of the all heuristic routes were given in Figure 4.25; their
classification accuracy rates were 75 %, 65 % and 100 %, respectively. The heuristic 3
showed a path in which terminal node of that path includes only high performing MOFs. In
other words, if the heuristic 3 is followed, MOFs having high volumetric CH,4 uptake in
100 % are obtained. According to this route, MOFs must have Cu metal and be in
tetragonal or cubic form; at the same time, they should have a degree of unsaturation in
between 34 — 45, and N/O higher than 0.24.

Comparing the confusion matrix of this decision tree (Table 4.12) with the one
belonging to the tree constructed for volumetric CH,4 delivery (Table 4.9), it was seen that
the overall classification accuracy and more importantly the accuracy of the high

performing class decreased.
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Figure 4.25. Simplified form of volumetric CH, uptake classification tree developed by

using user defined descriptors.

Table 4.12. Confusion matrices of decision tree constructed using user defined descriptors

for volumetric CH,4 uptake.

Database Predictions
Classification
0
Class Number of Low  Medium High aceuracy, %
Data
Training Low 410 259%* 104 47 63.2
Medium 484 80 300%* 104 62.0
High 495 73 62 360%* 72.7
Total 1389 66.2
Testing Low 410 186%* 149 77 45.4
Medium 484 114 256%* 114 52.9
High 495 79 114 302%* 61.0
Total 1389 53.6

In case of modeling the volumetric CH,4 uptake database, structural properties tend to
have higher accuracy rates than user defined descriptors as in all databases. Two major
routes shown in Figure 4.26 had 87 % and 89 % purity to obtain high performing MOFs.
Being pore volume higher than 0.7 cm3/g was the only condition for heuristic 1 whereas
the density of the MOFs /with pore volume in between 0.46 - 0.7 cm3/g) must be higher
than 1.1 g/cm3 according to heuristic 2. Confusion matrix given in Table 4.13 shows the
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all accuracy rates of all classes. When Table 4.10 and Table 4.13 are compared, the

average classification accuracies were lower in Table 4.13.
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Figure 4.26. Simplified form of volumetric CH, uptake classification tree developed by
using structural properties.
Table 4.13. Confusion matrices of decision tree constructed using structural properties for

volumetric CH,4 uptake.

Database Predictions
Classification
0
Class Number of Low Medium High o &
Data
Training Low 742 630* 92 20 84.9
Medium 724 137 462% 125 63.8
High 758 10 84 664* 87.6
Total 2224 79.0
Testing Low 742 577* 145 20 77.8
Medium 724 130 432% 162 60.0
High 758 10 109 639%* 84.3
Total 2224 74.1

Artificial Neural Network. Predictions of the volumetric CH, uptake values were
made with two separate ANN analyses as the other databases; in the first model, user
defined descriptors were used whereas structural properties was utilized for second ANN
analysis. Optimum number of hidden layers was given in Section 3.2.2 and the
corresponding structures in Table 3.16 were utilized; 5-fold cross validation was also

applied for each analysis.
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The results of ANN model constructed by using user defined descriptors were given

in Figure 4.27; the training and the testing RMSE values were calculated as 42.9 cm®/cm®

and 47.6 cm®/cm?®, respectively. From the comparison of this model with the one shown in

Figure 4.23, it can be said that user defined descriptors described volumetric CH,4 uptake

better than volumetric CH, delivery.
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Figure 4.27. Actual versus predicted volumetric CH,4 uptake values from ANN model

constructed with user defined descriptors a) for training dataset and b) for testing dataset.

After that, the second ANN model to predict volumetric CH,4 uptake was built by

using structural properties; relatively higher RMSE values than those of the model

constructed to predict volumetric CH,4 delivery, which was illustrated in Figure 4.24, were

obtained.
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Figure 4.28. Actual versus predicted volumetric CH,4 uptake values from ANN model

constructed with structural properties a) for training dataset and b) for testing dataset.
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4.3. Validating Models

In this section, validation of our successful models (decision tree from user defined
descriptors and structural properties and neural network from structural properties) using
the experimental results reported in the literature was performed. Since the experimental
uptake values were generally reported at 35 bar gravimetrically, we compare the results of
gravimetric CH, uptake models with the experimental findings. Due to the fact that
GCMC simulations generate absolute-based CH,4 uptake values, our database and models
were constructed on the absolute basis. On the other hand, experimental uptake values are
generally on the excess basis. In order to make reliable comparison, excess-based
experimental values were converted to absolute-based values by using Equation 4.1.

Density of adsorbed gas, Pas? at 35 bar and 298 K is calculated by the ideal gas density

formula given in Equation 4.2, whereas V, is the pore volume of corresponding MOF and

taken from the database.

Absolute uptake = Excess uptake + V,, x Pas 4.1)
P x M
Pess = R T (4.2)

The experimental results are compared with decision tree predictions in Table 4.14
and Table 4.15; whether the experimental results comply the heuristics suggested by
decision tree for high CH, uptake (>155 cm®/g) was checked. The model developed from
user defined descriptors successfully predicts the exact class of five experimental results
out of 10. Two of the of remaining five was also successfully predicted if the user defined
variables we computed used for prediction; the discrepancies for these two points are not
between experimental results and model prediction but between the amount of uptake
reported in the papers and those we computed from GCMC. The decision tree model
constructed from the structural properties, however, classifies eight out of 10 correctly,
which is a considerable success; again the remaining two are misclassified due to the

uptake computed, not due to decision tree model itself.
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Table 4.14. Comparison of heuristics obtained from decision trees developed by using user

defined descriptors with experimental data.

CH, uptake
. Classification
User defined descriptors at 35 bar
MOF accuracy
(cm® CH4/g MOF)
name
Total degree
Crystal  Elec. Metal . Class
Metal Structure  ratio % N/O of . Experimental in DT
unsaturation

UTSA-20[104] Cu  Hexagonal 021 526 0 97 222@ High +
Cu-TDPAT[105] Cu  Tetragonal 030 435 04 37 2170 High -
CuBTC[54] Cu Cubic  0.18 357 0 31 2550 High +
PCN-14[54] Cu Trigonal  0.17 333 0 22 2440 High +
PCN-11[106] Cu Trigonal 024 476 0 13 257@ High +
PCN-46[107] Cu  Trigonal 024 476 0 16 258@ High +
PCN-80[108] Cu  Tetragonal 0.18 3.03 02 48 230 High -
NU-125[109] Cu  Tetragonal 029 357 0.6 52 3110 High -
CPO-27-Ni[99]  Ni Trigonal  0.33 11.11 0 8 171® High ¥
CPO-27-Co[99]  Co Trigonal  0.33 11.11 0 8 164 High ¥

W Absolute-based experimental values (at 298 K and 35 bar) are taken from corresponding reference.

@ Absolute-based experimental values (at 298 K and 35 bar) are calculated from excess-based experimental
values taken from corresponding reference.

*Qur simulated uptake is in medium performing class (as tree predicted) while the experimental values are in

high performing class.
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Table 4.15. Comparison of heuristics obtained from decision trees developed by using

structural properties with experimental data.

CH, uptake
MOF Structural properties at 35 bar
(cm3 CH,/g MOF) Classification
name accuracy
Ve MPD. Experimental Class in
(cm®/g) A P DT

UTSA-20[104] 0.69 9.43 222 High +
Cu-TDPAT[105] 0.95 16.31 2170 High +
CuBTC[54] 1.70 19.35 2550 High +
PCN-14[54] 0.85 10.79 2440 High +
PCN-11[106] 1.07 10.65 2579 High +
PCN-46[107] 131 11.6 258 High +
PCN-80[108] 1.38 15.26 230? High +
NU-125[109] 1.40 19.23 3110 High +
CPO-27-Ni[99] 0.53 11.32 171% High ¥
CPO-27-Co[99] 0.54 11.52 164@ High *

@ Absolute-based experimental values (at 298 K and 35 bar) are taken from corresponding reference.

@ Absolute-based experimental values (at 298 K and 35 bar) are calculated from excess-based experimental
values taken from corresponding reference.

*Qur simulated uptake is in medium performing class (as tree predicted) while the experimental values are in
high performing class.

Validation of artificial neural network model developed from structural properties
using the same experimental CH, uptake at 35 bar was also done; we did not compare the
model constructed from user defined variables because it was already found to be
unsuccessful. The results are presented in Table 4.16; they were quite successful. The
model predicted five of 10 MOFs with the errors less than 10 % while it predicts the three
of the remaining MOFs with errors within 10-20 %; only two MOFs were predicted with

higher errors.



Table 4.16. Comparison of predicted CH,4 uptakes with experimental data.

Experimental Predicted CH4 Error

MOF name CH, uptake uptake by ANN o ’
(cm® CH4/g MOF)  (cm’ CH./g MOF) °
UTSA-20[104] 222@ 192 14
Cu-TDPAT[105] 217" 230 6
CuBTC[54] 2550 334 31
PCN-14[54] 244" 225 8
PCN-11[106] 257@ 269 5
PCN-46[107] 258@ 307 19
PCN-80[108] 230@ 306 33
NU-125[109] 3110 297 5
CPO-27-Ni[99] 171@ 145 15
CPO-27-Co[99] 164@ 149 9

@ Absolute-based experimental values (at 298 K and 35 bar) are taken from corresponding reference.

80

@ Absolute-based experimental values (at 298 K and 35 bar) are calculated from excess-based experimental

values taken from corresponding reference.
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5. CONCLUSION

The aim of this thesis was to extract knowledge for both gravimetric and volumetric
CH, delivery capacity (from 65 to 5 bar) and uptake capacity (at 35 bar) of various real
MOFs by using decision tree analysis and artificial neural network. Before modeling, a

review and pre-analysis of the database were carried out to observe the simple trends.

Decision trees using both user defined descriptors and structural properties were
constructed for four types of CH,4 databases. The obtained accuracy rates for testing and
training sets were given in Table 5.1. According to these results, the classification trees for
gravimetric databases by using structural properties show great success. However, the aim
for decision tree analysis is to find out the routes of high performing class of CH, delivery
or uptake, the overall accuracy rates may be misleading. For that reason, the heuristics,
which give high CH, delivery or uptake in all trees, were obtained and shown in
corresponding section for future studies. In general, the crystal structure and the total
degree of unsaturation were found to be the effective among user defined descriptors,
whereas the pore volume was sufficient among structural properties to obtain MOFs

having high CH, delivery and uptake.

Table 5.1. Accuracy rates of constructed decision trees for all databases.

By using user defined descriptors By using structural properties
Databases Testing Training Testing Training
accuracy, % accuracy, % accuracy, % accuracy, %
Gravimetric
. A . 2.4 4,
CH, delivery 58 66.3 8 84.0
Gravimetric
CH, uptake 58.4 68.0 84.9 87.3
Volumetric 57.7 69.2 76.3 80.0
CH, delivery ' ' ' '
Volumetric 53.6 66.2 74.1 79.0
CH, uptake ' ' ' '

To investigate the predictability of the CH,4 delivery, ANN models were constructed

as well for all four databases; the RMSE values obtained were given in Table 5.2. Since
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the unit of RMSE changes with respect to kind of database (gravimetric or volumetric), the
comparisons within the same kind of database were done. Gravimetric CH,4 delivery was
predicted more properly than the gravimetric CH,4 uptake by using structural properties
whereas gravimetric CH, uptake was predicted more properly than the gravimetric CH,4
delivery by using user defined descriptors. From the volumetric based analysis, it was
observed that RMSE values were close to each other. In overall, it can be said that
gravimetric CH, delivery values, which were predicted by using structural properties,
overlapped significantly with the actual values. Linear model between pore volume and
gravimetric CH,4 delivery was also tested and found to be quite well. However, ANN
predictions were better indicating that there may be some nonlinear relations between pore
volume and CH, delivery. Moreover, two-step ANN model was constructed to investigate
whether it is possible to go from user defined descriptors to pore volume and then to
gravimetric CH, delivery; however, no significant improvement was achieved. Apparently,
there are some missing variables in user defined descriptors that the CH,4 delivery capacity

mechanism cannot be fully defined.

Table 5.2. RMSE values of ANN models for all databases.

Databases By using user defined descriptors By using structural properties
) _ Testing RMSE, Training RMSE, Testing RMSE, Training RMSE,
Gravimetric 3 3 ) 3
cm’/g cm’/g cm’/g cm’/g
CH, delivery 100.9 85.0 26.8 22.2
CH, uptake 82.5 72.8 29.1 23.3
] Testing RMSE, Training RMSE, Testing RMSE, Training RMSE,
Volumetric . 3 3 3 3 .
cm’/cm cm/cm cm/cm cm’/cm
CH, delivery 47.4 46.2 42.5 24.6
CH, uptake 42.9 47.6 46.6 275

Both decision tree and artificial neural network models were validated using the
experimental results reported in literature and both models based on the structural

properties were predicted the experimental results successfully.
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Figure A.2. Decision tree constructed by using user defined descriptors for gravimetric CH,4 delivery.
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Figure A.3. Decision tree constructed by using structural properties gravimetric CH, delivery.
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Figure A.4. Decision tree constructed by using pore volume only for gravimetric CH,4 delivery.
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Figure A.5. Decision tree constructed by using user defined descriptors for gravimetric CH,4 uptake.
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Figure A.6. Decision tree constructed by using structural properties gravimetric CH, uptake.
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Figure A.7. Decision tree constructed by using user defined descriptors for volumetric CH,4 delivery.
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Figure A.8. Decision tree constructed by using structural properties volumetric CH, delivery.
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Figure A.9. Decision tree constructed by using user defined descriptors for volumetric CH,4 uptake.



)
Low
50 .46 .04
1%
----- density <1.7- - - -, .----domlly<1.4~----. V- - - - - -density <157 - - - - - -

.- He_Vp<041 -,

-density < 2.1 - MPD>=7 - [ ‘ . ‘ Y -MPD>=48 -

Figure A.10. Decision tree constructed by using structural properties volumetric CH,4 uptake.
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APPENDIX B: ALTERNATIVE ANN MODELS
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Figure B.1. Actual versus predicted gravimetric CH, delivery values from ANN model
constructed with user defined descriptors (excluding electronegativity ratio) a) for training
dataset and b) for testing dataset.
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Figure B.2. Actual versus predicted gravimetric CH, delivery values from ANN model

constructed with pore volume only a) for training dataset and b) for testing dataset.
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Figure B.3. Actual versus predicted gravimetric CH4 uptake values from ANN model
constructed with user defined descriptors (excluding electronegativity ratio) a) for training

dataset and b) for testing dataset.
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Figure B.4. Actual versus predicted gravimetric CH, uptake values from ANN model

constructed with pore volume only a) for training dataset and b) for testing dataset.



109

25 —) 250 — p)
RMSE = 46.7 =, RMSE = 49.0
”E 200 — c 200 —
S 2
§ 150 — ® Dog @ § 150
= o o &
2 0 @285 o 2
S 100 — S 100 —
3 k3]
o o
8 o o 50 —
i 50 — @o o
0 —
0 p—
| | I I | | I I I I I I
0 50 100 150 200 250 0 50 100 150 200 250
All Data Set, (cm®/cm®) Test Data Set, (cm/cm®)

Figure B.5. Actual versus predicted volumetric CH,4 delivery values from ANN model
constructed with user defined descriptors (excluding electronegativity ratio) a) for training

dataset and b) for testing dataset.
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Figure B.6. Actual versus predicted volumetric CH,4 delivery values from ANN model

constructed with pore volume only a) for training dataset and b) for testing dataset.
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Figure B.7. Actual versus predicted volumetric CH,4 uptake values from ANN model

constructed with user defined descriptors (excluding electronegativity ratio) a) for training

dataset and b) for testing dataset.
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Figure B.8. Actual versus predicted volumetric CH,4 uptake values from ANN model

constructed with pore volume only a) for training dataset and b) for testing dataset.





