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Africa = Poor?



Research and Science and Technology are paths to making Africa more prosperous. 
Unfortunately:

Research can make Africa More Prosperous



  

Increase Intellectual Capacity in 
Africa

1. Increase number of researchers in Africa
2. Increase level/quality of research
3. Increase level/quality of teaching/learning



Three Hurdles of Researchers in Africa

 (i) Excessive Teaching and Administrative loads 
 
 (ii) Isolation: Lack of Proper Mentoring in research
                      Limited access to Journal Papers

 (iii) Limited Resources: * Computational
   * Experimental
   * Journal Papers



Possible Solutions

 (i) Sharing Teaching Resources Online & 
engaging volunteer visiting lecturers 
 
 (ii) Mentoring: Pairing African Researchers with 
Excellent researchers in the developed world

 (iii) Sharing available resources within Africa 
and from outside Africa e.g., Joint Computational 
Facilities



CRAMM/MLESMD
Collaborative Research in Atomistic and Molecular Modeling (CRAMM)

1. Joint weekly meetings

(a) Forces participants to make/take time for research

(b) Reduces isolation

2. Sharing Resources

(a) Computational Resources

(b) Human Resources

(c) Ideas 

(d) Joint training



MLESMD
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 Material: Insulator or Conductor?

 Bandgap: Direct or Indirect?

 Search for High Thermal Conductivity 
materials

 Search for Super-Hard materials

OVERVIEW



 PbS: Metal or Insulator?

    - Electrical Property from Chemical Formula

 DATA:

- SNUMAT (Hybrid DFT Bandgaps. 18K Compounds)

 Features/Descriptors

- Electronegativity, Mendeleev Number, Atomic weight, # of s, 
p, d, f valence, etc 

 Models
 Random Forest (RF) classifier 

 LGBM classifier

 XGB classifier

Insulator or Conductor?



Insulator or Conductor?
PERFORMANCE

Figure 1: XGBClassifier Confusion 
matrix

Models RF LGBM XGB 

Accuracy 0.921 0.921 0.923

Figure 1: Models Performance



BandGap: Direct vs. Indirect

By Profjohn - Own work, CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=3994494
Public Domain, https://en.wikipedia.org/w/index.php?curid=14519297

https://commons.wikimedia.org/w/index.php?curid=3994494


 Silicon: Direct or Indirect?

    - Electrical Property from Chemical Formula

       - Electrical Property from Chemical Formula & Structure

 DATA:
- SNUMAT (Hybrid DFT Bandgaps. 11K Compounds)

 Features/Descriptors
         - Electronegativity, Mendeleev Number, Atomic weight, # of s, p, d, 

f valence, (average) volume per atom, packing efficiency, density, etc

 Models
 Random Forest (RF) classifier 

 Extra Tree classifier

BandGap: Direct vs. Indirect



BandGap: Direct vs. Indirect
PERFORMANCE

Table 2: Models Performance

Models RF Extra Tree

Accuracy 0.81 0.80

Figure 3: Confusion matrix for RF



Search: High κ Materials

     - Thermal Property from Chemical Formula & Structure

 DATA:

- AFLOW Database (5.5K Compounds)

 Features/Descriptors

- Electronegativity, Mendeleev Number, Atomic weight, # of s, 
p, d, f valence, (average) volume per atom, packing 
efficiency, density, etc 

 Models
 HistGradient Boost Regression

 Extra Tree Regression



Search: High κ Materials
PERFORMANCE

Models R2 MAE (W/mK) RMSE

HistGradientBoos
ting

0.966 3.149 5.086

ExtraTree 0.947 3.727 6.326

    
HistGradientBoosting Regressor Model

              



 Bulk (B), Shear (G), Young (E) moduli, Possion 
ratio (n)

    - Mechanical Properties from Chemical Formula & Structure

 DATA:

- AFLOW Database (DFT 5.5K Compounds)

 Features/Descriptors

         - Electronegativity, Mendeleev Number, Atomic weight, # of 
s, p, d, f valence, (average) volume per atom, packing efficiency, 
density, etc 

 Model
 Histogram Gradient Boosting Regressor

Search: Hard Materials



Search: Hard Materials
Table 4: Model Performance (HGBR)

Target R2 MEA RMSE
B 0.980 6.11 9.664

G 0.931 8.00 12.965

v 0.955 0.0443 0.0365

E 0.966 16.710 26.876

Bulk and Shear Modulus (HGBR)Figure: Hardness of Some materials

PERFORMANCE
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Conclusion

 Work TOGETHER

 Research TOGETHER

 ML TOGETHER

 Science:

➢ Metal/Insulator
➢Direct/Indirect

➢High k materials

➢Hard(er) Materials
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THANK YOU 
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