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Venkat Venkatasubramanian is the Samuel 
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Columbia University. He considers himself an 
artist in science, whose natural tendency is to 
conduct curiosity-driven research in a style that 
might be considered impressionistic, emphasiz-
ing conceptual issues over mere techniques. 
Venkat’s research interests are diverse, ranging 
from AI to systems engineering to theoretical 
physics to economics, but with a focus on un-
derstanding complexity and emergent behavior 
in different domains. 

ARTIFICIAL INTELLIGENCE AS 
A KNOWLEDGE MODELING PARADIGM

The dramatic success of machine learning (ML) in ap-
plications such as computer vision, game playing, 
and natural language processing has many chemical 

engineers excited about the potential opportunities in our do-
main. While it might seem that the prospect of developing 
AI-based solutions is brand new, the use of AI in chemical 
engineering is not that novel. It is, in fact, a 40-year-old on-
going effort with several thousand papers in the literature.[1] 

To properly appreciate how and where AI fits into chemi-
cal engineering, we need to view it from the perspective of 
different knowledge modeling paradigms used in chemical 
engineering. Historically speaking, chemical engineering 
was primarily an empirical and heuristic discipline, lack-
ing quantitative first principles-based modeling approaches 
for nearly a century. All that changed with the beginning of 
the Amundson era in the 1950s, when applied mathemati-
cal methods, particularly linear algebra, ordinary differential 
equations (ODEs), and partial differential equations (PDEs) 
were introduced to develop first-principles based models of 
unit operations. 

Similarly, decision-making in process systems engineer-
ing was also largely empirical and heuristics based. That 
changed in the 1960s with the next critical turning point in 
modeling — the development of mathematical programming 
methods such as mixed integer linear programming (MILP) 
and mixed integer nonlinear programming (MINLP). Roger 
Sargent of Imperial College and his disciples played the 
leading role in this era. 

The next significant development in this long arc of mod-
eling paradigms, in my view, is the introduction of knowl-
edge representation concepts and search techniques from 
artificial intelligence. This started in the early 1980s under 
the leadership of Westerberg, Stephanopoulos, and others 
from that era. After remaining in the background as a fringe 

activity for the past three decades, pursued by only a few re-
searchers, this knowledge-modeling paradigm has now gone 
mainstream. 

Broadly speaking, one might consider the Amundson era 
as the introduction of formal methods for modeling process 
units. The Sargent era and the AI era are about modeling 
the process engineer – that is, modeling and automating hu-
man information-processing and decision-making, formally, 
to solve problems in synthesis, design, control, scheduling, 
optimization, and risk analysis. Some of these could be ad-
dressed by the mathematical programming framework, i.e., 
the Sargent approach, but others, such as fault diagnosis and 
process hazards analysis, require causal model-based rea-
soning and are better addressed by AI concepts and tech-
niques. 

Role of Symbolic AI in Knowledge Modeling and 
Representation

When it comes to modeling knowledge, most chemical 
engineers immediately think of differential and algebraic 
equations (i.e., DAE models). These are suitable for certain 
classes of problems like those found in thermodynamics, 
transport phenomena, and reaction engineering. 
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However, there are other kinds of knowledge that do not 
lend themselves to such models. For example, reasoning 
about cause and effect in a process plant is central to fault 
diagnosis, risk analysis, alarm management, and superviso-
ry control. Knowledge modeling for this problem class does 
not typically lend itself to the traditional DAE approach to 
modeling because it cannot deliver explicit relationships be-
tween cause(s) and effect(s). In some simple cases perhaps it 
can, but it is incapable of addressing real-life industrial pro-
cess systems, which are often complex and nonlinear with 
incomplete and/or uncertain data. Further, even for simple 
systems, DAE-based models are not suitable for generat-
ing mechanistic explanations about causal behavior. This is 
where symbolic AI comes in.  

We should not forget that the conceptual breakthrough of 
representing, and reasoning with, symbolic structures and re-
lationships is an essential contribution of AI.[2-5] This is what 
I refer to as symbolic AI, the classical AI of 1960s-1980s, 
to differentiate it from data-driven machine learning, which 
I call numeric AI. Although the importance of symbolic AI 
has largely been missed in all the current excitement about 
data-driven machine learning, I expect it to resurface as we 
go beyond purely data-driven models towards more compre-
hensive knowledge-based intelligent systems that are neces-
sary for many applications in chemical engineering.

The symbolic AI methodologies include models such as 
the following:

•	 Graph-theoretical models such as signed digraphs 
used extensively to perform causal reasoning in the 
identification of abnormal events, diagnosis, and risk 
analysis [6-9] 

•	 Petri nets used for modeling discrete event systems [10-11]

•	 Rule-based production system models used in expert 
systems for automating higher-order reasoning [12-17] 

•	 Semantic network models such as ontologies used in 
materials discovery and design, domain-specific 	
compilers, etc. [12-22]

•	 Object-oriented models such as agent-based models 
used in simulating the behavior and decision-making 
choices of independent, interacting, entities endowed 
with complex attributes and decision-making 		
powers [23, 24] 

All these have far-reaching consequences as we begin to 
develop more comprehensive hybrid-AI systems such as the 
following in the near future:

•	 Combining first-principles with data-driven 	
processing [25-27] 

•	 Causal models-based explanatory systems [7, 16, 17, 28-31]

•	 Domain-specific knowledge engines [19, 32-36]

Thus, I do not view AI methods as merely useful tools 
to extract patterns from large amounts of data, even though 
that benefit is very much there, but as a new knowledge mod-
eling paradigm, the next natural evolutionary stage in the 
long history of developing formal methods – first applied 
math (i.e., differential and algebraic equations), then opera-
tions research (i.e., math programming), and now artificial 
intelligence. Conceptually, applied math models numerical 
relationships between variables and parameters, mathemati-
cal programming models relationships between constraints, 
and AI models relationships between symbolic variables and 
symbolic structures. In the early years, logic was considered 
the discipline best suited to provide the formal foundations 
of AI, but recent developments suggest that probability, sta-
tistics, and network science are perhaps better suited. The 
truth might lie in some combination of both, depending on 
the application. 

COURSE PHILOSOPHY

All these considerations motivated the development of 
this course to reflect such a view of AI and its role in chemi-
cal engineering. In my opinion, teaching AI appropriately 
is much more than teaching a potpourri of machine learn-
ing techniques and tools. In the current atmosphere, there 
is, unfortunately, a tendency to rush off and teach courses 
that are cookbook-style offerings in which students learn 
to mechanically apply different software packages without 
a deeper understanding of the fundamentals. I believe that 
we need a course that is properly founded on knowledge 
modeling philosophies, knowledge representation, search 
and inference, and knowledge extraction and management 
issues, all introduced in the context of chemical engineering 
problems. This is what I have strived to develop over the 
decades.  

In designing such a course, I have tried to differentiate 
between training and education. Training focuses on “know-
how,” i.e., how to execute a recipe to solve a problem, 
whereas education emphasizes “know-why,” i.e., under-
standing why the problem exists in the first place from a first 
principles-based mechanistic perspective. There is an im-
portant difference, for example, between training someone 
on refrigerator repair versus teaching them thermodynam-
ics. To be sure, the former is certainly useful and has a place, 
but our courses ought to be more than merely utilitarian. I 
am sure we would all wish to avoid the complaint that “the 
user-friendly approach of Leibniz made it easy for people 
who didn’t know calculus to teach those who will never know 
calculus!” in our present context. The easy availability of 
user-friendly ML tools poses such a predicament.

It is certainly exciting to see that the barriers to entry for 
implementing AI have come down significantly due to the 
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emergence of relatively easy-to-use software environments 
such as R®, Python®, Julia®, Keras®, and TensorFlowTM. How-
ever, practicing AI properly is much more than learning to 
run code in such environments. It requires more than a super-
ficial understanding of AI. Imagine learning to run a MILP 
program in MATLAB® without understanding the theory of 
mixed-integer linear programming. In the past, since such 
easy-to-use environments were not available, researchers 
were forced to learn LISP, the main language of AI, in cours-
es that stressed the fundamental concepts, tools, and tech-
niques of AI comprehensively. A well-educated, applied-AI 
researcher from that era, for instance, would take four or five 
courses on artificial intelligence, machine learning, natural 
language processing, databases, and other relevant topics 
to get educated deeply in artificial intelligence methods. In 
contrast, the modern user-friendly AI software in machine 
learning, for instance, makes it quite easy for a newcomer to 
start building machine learning models quickly and easily, 
thereby lulling oneself into a false belief that he or she has 
achieved mastery in AI or ML. This is a dangerous trap. Just 
as statistical tools can be misused and abused if one is not 
careful (see, for example, Thiese et al. [37] and Jordan [38]), a 
similar fate can befall the users of ML tools. 

Keeping all these in mind, the course was developed as 
a semester-length dual-level course, a junior/senior-1st-
year graduate student offering, that teaches applied AI us-
ing chemical engineering examples. This course is, in spirit 
but not in content, like the typical Mathematical Methods in 
Chemical Engineering course that is required for all gradu-
ate students in most departments. No prior background in 
AI is required, but a reasonable familiarity with computer 
programming and MATLAB is necessary. In the earlier of-
ferings, the archaic AI language, LISP, was taught as part of 
the course, but now the focus is on Python. 

The course was first offered in the spring of 1986 (CHEN 
4580, 3 credits) and was taught subsequently in 1987 and 
1988 at Columbia University. A paper describing this course 
was published in Chemical Engineering Education in 1986 
in the special issue on graduate education. [39] After moving 
to Purdue, I taught this course about a dozen times (ChE 
557, 3 credits). Since my return to Columbia, I have been 
teaching it in its new format since 2019 (CHEN 4580, 3 
credits). 

COURSE ORGANIZATION

As AI evolved in the last forty years, this course also 
changed, adapted, and reflected the evolution in the field. 
In the 1980s, it was a course mainly on symbolic artificial 
intelligence (i.e., symbolic AI), utilizing the concepts and 
techniques of knowledge-based expert systems. As ma-
chine learning techniques, particularly neural networks, 

started succeeding in the 1990s, the course evolved to be-
come about 50% symbolic AI and 50% data-driven machine 
learning (i.e., numeric AI). With the increasing prominence 
of data science in recent years, the current offering has about 
30% symbolic AI and the rest numeric AI, as discussed be-
low. However, the symbolic-numeric division is not surgi-
cal. Both concepts are interwoven throughout the course, 
and their roles are highlighted in the different case studies. 

Course Organization in the 1980s
As noted, between 1986 – 1990, the course was entirely 

on symbolic AI, utilizing expert systems concepts and meth-
ods. The topics were as follows: 

1.	 Introduction
a.	 Historical overview of Al
b.	 AI and Process Engineering
c.	 Overview of LISP

2.	 Knowledge Representation 
a.	 Issues in knowledge representation
b.	 Predicate calculus, propositional calculus, and 	

semantic networks 

3.	 Search Techniques
a.	 Forward and backward chaining
b.	 Depth-first, breadth-first, and best-first search 	

algorithms

4.	 Expert Systems 
a.	 Stages of knowledge-based expert systems 		

development
b.	 Knowledge representation and search issues
c.	 Knowledge acquisition and validation

5.	 Expert System Development in Process Engineering 
a.	 Detailed example using CONPHYDE
b.	 Introduction to rule-based programming and OPS5
c.	 Knowledge representation and control in OPS5

6.	 Dealing with Uncertainty
a.	 Reasoning with incomplete and uncertain 		

information
b.	 Bayesian approach
c.	 Dempster-Shafer theory and Fuzzy Logic

7.	 Representation of Engineering Objects and Processes
a.	 Frames, objects, and hybrid representation 		

techniques
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8.	 Expert Systems for Process Synthesis
a.	 Blackboard-based systems

9.	 Qualitative Reasoning of Physical Systems
a.	 Introduction to qualitative physics and modeling
b.	 Modeling of physical objects and processes

10.	 Expert Systems for Process Diagnosis and Safety
a.	 Model-based reasoning for process diagnosis and 

process safety analysis

11.	 Expert Systems for Operator Training and Instruction
a.	 Architectural issues, cooperating expert systems, 

and intelligent user interface 

12.	 General Purpose Expert System Tools and Shells
a.	 Critical evaluation of tools such as KEE, ART, 

LOOPS, KAS, and EMYCIN 

13.	 Project Presentations by Students

Since there was no single book then (or now, for that mat-
ter) that appropriately addressed all the topics of this course, 
we relied heavily on lecture notes and papers in the litera-
ture. The five books listed below were used for general-pur-
pose discussion on AI, and they were used for about 50% of 
the course:

•	 Rich, E. Artificial Intelligence [2]

•	 Winston, P. H. and B. K. P. Horn, LISP [40]

•	 Hayes-Roth, F., Waterman, D. A. and Lenat, D. B., 
Building Expert Systems [41]

•	 Brownston, L., et al, Programming Expert Systems in 
OPS5 [42]

•	 Waterman, D., A Guide to Expert Systems [43]

The rest of the course material was covered using relevant 
papers and lecture notes.[39]

Expert System Projects by Students. The students were in-
structed to develop a rule-based expert system implemented 
in OPS5 (Official Production System, version 5, language) 
for a process engineering problem as a part of the course. 
There were no midterms, quizzes, or exams otherwise. The 
development of the expert system was organized into six 
phases where, in each phase, a student tried to achieve a 
small part of the complete system. The students had about 
thirteen weeks to perform this task. The phases were syn-
chronous with the lecture material, so that in attempting to 
accomplish a particular phase, the student had been given 
the necessary background in the preceding lectures. Clearly, 
these were not hard and fast deadlines and requirements, and 

they were relaxed to some extent based on an individual’s 
needs. However, we found them to be useful as they kept 
the efforts focused and allowed the system to be developed 
in an incremental and timely fashion, an important aspect of 
expert system development. 

Different students developed different systems, and here 
is a sample of their projects from the 1986 offering: 

•	 First principles model-based diagnostic expert system 
(Steven Rich)
o	 Implemented in OPS5 and LISP 
o	About 110 rules
o	This work eventually led to three papers and a PhD 

thesis (1988)

•	 Plastics selection and design expert system (C-F. Chen)
o	A blackboard architecture-based system
o	 Implemented in OPS5 and Framesmith
o	70 rules and 30 frames
o	Resulted in a paper (1988)

•	 FCCU diagnosis expert system (Karen Zilora)
o	Based on Exxon’s FCCU operations guide to            

diagnose 27 faults
o	OPS5 – 105 rules
o	Led to a paper (1989)

Course Organization in the 1990s
By around 1991, neural networks were beginning to make 

inroads into process systems engineering applications.[44] 
So, the course was revised to include recent developments 
in machine learning, as seen below in the new syllabus. The 
course was roughly 50% on symbolic AI and 50% on ma-
chine learning. The symbolic AI part of the course retained 
the essential modeling concepts and techniques outlined 
previously.

1.	 Introduction to AI and LISP			        
2.	 Knowledge Representation	  
3.	 Search    
4.	 Knowledge-based Expert Systems	
5.	 Inexact Reasoning: Bayesian and Fuzzy Logic	
6.	 Supervised and Unsupervised Learning
7.	 Neural Networks				  
8.	 Genetic Algorithms
9.	 Hybrid AI: Symbolic AI + Machine Learning	
10.	 Industrial Case Studies in Process Fault Diagnosis, 

Control, and Safety 



Vol. 56, No. 4, Fall 2022 235

11.	 Industrial Case Studies in Process and Product Design 
12.	 Industrial Case Studies in Scheduling and Planning of 

Process Operations	
13.	 Project Presentations by Students  

The course was still based on projects, but this time we 
had machine-learning based projects. There was only one 
textbook used, LISP, by Winston and Horn.[40] We relied 
even more heavily on lecture notes and papers in the litera-
ture for most of the course. The industrial case studies were 
based on papers from the literature as shown below. Only a 
few papers are cited here as examples: 

•	 Process fault diagnosis and control [16, 17, 28, 29, 45-67]

•	 Operating procedures synthesis and process 	
safety [10, 11, 68-76]

•	 Process design and product design [12-15, 25, 27, 32-34, 77-88]

•	 Scheduling and planning of process operations [24]

Course Organization in 2021-22
The course has been further revised to incorporate recent 

progress in data science. The revision is mainly to include 
three important ideas: deep or convolutional neural nets 
(DNNs or CNNs), reinforcement learning, and statistical 
machine learning. The course topics since 2019 have been as 
shown below. Once again, the essential elements of symbol-
ic AI (as mentioned in the Course Organization in the 1980s 
section) are retained. Furthermore, their integration with 
data-driven ML techniques is also discussed throughout the 
course wherever appropriate. The topics listed below were 
taught in sequence in a 13-week semester (3 credits, meet-
ing twice a week). The papers and books cited for each topic 
provide a good place to start. The reader might be amused, 
perhaps even annoyed, by the many citations to papers from 
our research group. This is so because for the past three de-
cades, there were not that many researchers working on AI 
in chemical engineering, and hence the availability of papers 
suitable for our purposes was limited.  Furthermore, since 
we had complete access to all the data, algorithms, and soft-
ware associated with our research projects, it made it conve-
nient to rely on own work for the lectures and projects. As 
more people engage in AI-based projects within chemical 
engineering, we can expect more material to become avail-
able in the coming years. Regarding the cited sources, in-
terested readers can further customize them to develop their 
own lectures for teaching a similar course. 

1.	 Introduction to Symbolic AI [3,4]

a.	 Knowledge representation [2,5]

•	 Propositional and predicate calculus
•	 Production rules

•	 Frames, objects, ontologies
b.	 Search [2,5]

•	 Game trees
•	 Depth-first, breadth-first, best-first techniques
•	 Forward and backward chaining

2.	 Python Tutorials 
a.	 There are several excellent sources on the web – 

Coursera® is a good place to start. 

3.	 Knowledge-Based Expert Systems 
a.	 Introduction [3,4, 12-13, 40-44]

b.	 Case studies in process fault diagnosis and 		
control [16-17, 29, 45-47, 54]

c.	 Case studies in operating procedures synthesis 	
and process safety [7, 10-11, 30-31, 70-76]

d.	 Case studies in Process Design [77-81]

e.	 Case studies in Product Design [14-15, 82-88]

4.	 Review of Linear Algebra, Probability, and 		
Statistics [89-90]

5.	 Clustering Techniques [91-92]

a.	 Data visualization, k-means, k-medoids
b.	 Density-based clustering, hierarchical 		

clustering [51-53, 65-67]

6.	 Classification Techniques [91-92]

a.	 PCA/PLS, Decision Trees, kNN, LDA [29, 50-53]

b.	 SVM, kernel methods, RBN, neural networks, 	
autoencoders [47-67, 93-98]

7.	 Regression Techniques [91-92]

a.	 Linear regression, regularization [89-90, 99-100]

b.	 Nonlinear regression [89-90]

8.	 Genetic Algorithms and Directed Evolution for 		
Materials Design [25, 27, 32, 81-87, 101-103]

9.	 Ensemble Learning, Boosting, Random Forest [91-92]

10.	 Modeling with Deep Neural Nets and Recurrent 	
Neural Nets [91-92, 104-105]

11.	 Reinforcement Learning and Graphical Models [91-92, 106]

12.	 Hybrid AI Models
a.	 Combining Symbolic AI with Numeric AI [25, 27, 29, 

32, 33, 61, 84, 85, 107, 108]

13.	 Domain-specific Ontologies, Languages, and 		
Compilers [19-22, 34-36, 109-131]
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Programming project. The course is based on weekly 
programming assignments in Python plus a six-week-long 
programming project, also in Python. Here is the description 
of the projects:

•	 Modeling Diffusion Phenomena (Fall 2020)
Diffusion data for particles diffusing differently are 
provided. Each student is given a different dataset with 
locations of 300 independently moving particles over 
time. The data are given to you in the format of [particle 
ID, time, position (x), position (y)]. 

From the data, characterize the motion of the particles 
by generating appropriate features to identify common-
alities between the motion of different particles. How 
many different particle types are there in the dataset? 

Use data visualization, preprocessing, and appropriate 
regression and clustering methods to solve this prob-
lem. State all your assumptions and show your reason-
ing clearly.  

•	 Thermodynamic Property Prediction (Fall 2021)
The students were provided thermodynamic property 
data for different molecules. The property prediction 
problem could be modeled as a regression task where 
the students would try different regression methods 
such as linear regression, polynomial regression, sup-
port vector regression, decision trees, random forests, 
k-NN, and so on. As with any machine learning exer-
cise, it was expected that the students would split the 
given data into training, testing, and validation sets, 
perform appropriate regularization, tune the model hy-
perparameters, and transform the data using kernels, if 
required. The students were expected to report the best 
performing final model along with all the performance 
metrics. 

The students met weekly with the TAs who were monitor-
ing their progress, answering questions, and providing as-
sistance as and when needed. The pandemic imposed certain 
limitations on the extent of the projects; this should ease 
from next year onwards. 

SUMMARY

I have described the motivation, philosophy, topics, and 
organization of a course on teaching artificial intelligence 
to undergraduate (juniors/seniors) and graduate students in 
chemical engineering. The purpose is to teach them how to 
incorporate AI-based modeling with first-principles based 
models derived from the understanding of the physics and 
chemistry (and biology) of our products, processes, and sys-
tems. To accomplish this, I combined the classical symbolic 

AI of the 1980s with the more recent data-driven numeric 
AI, i.e., machine learning. In this regard, this course is dif-
ferent from the standard machine learning course, which 
typically focuses only on the data-driven aspect and does 
not address the symbolic components.

This course was first taught at Columbia University in 
Spring 1986. This was the first course on AI in chemical 
engineering taught anywhere globally. As AI evolved, the 
course also evolved, and the topics changed in the last thirty-
five years, as discussed above. Current topics include sym-
bolic knowledge representation, symbolic reasoning and in-
ference, knowledge-based expert systems, modern machine 
learning methods, hybrid-AI models, and domain-specific 
languages, compilers, and knowledge engines. All these are 
discussed using chemical engineering case studies in pro-
cess monitoring, diagnosis, control, process/product design, 
scheduling, optimization, and process safety. 

The course philosophy, topics, and organization reflect my 
view on the role of AI in chemical engineering. For over 
three decades, I have emphasized the importance of build-
ing in first-principles knowledge into our AI models. [132-133] 
I have argued the importance of such hybrid models, com-
bining mechanistic understanding based on the underlying 
physics, chemistry, and/or biology of our systems and pro-
cesses with data-driven techniques. The domain of chemical 
engineering – in fact, most of science and engineering – is 
governed by such fundamental principles. In this regard, it is 
different from areas such as game playing and computer vi-
sion, where there are no such conservation laws or constitu-
tive equations to exploit. So it makes sense in those domains 
to be primarily data driven. 

But our applications are quite different. Unlike the ML-
driven recommendation systems like Yelp® and Rotten To-
matoes®, where a disappointing experience might only result 
in a couple of hours and a couple of hundred dollars wasted, 
the cost of a mistake can be potentially high in chemical 
engineering applications. When a purely ML-driven black-
box-based control system fails in a reactor, the resulting 
accident could kill people. Therefore, in our domain, we 
should not blindly mimic strategies used in game-playing 
and natural language processing and rush into developing 
black-box models that are not constrained by the underlying 
physics and chemistry. Thus, the need to explain and justify 
the recommendations of an AI-agent is imperative in such 
applications.

Another point I have long argued is that many chemical 
engineering applications are not “big data.” We certainly 
have access to more data now than we did, say, a decade 
ago. But, unlike vision or game-playing, we don’t generate 
terabytes of data readily, except perhaps in computer simu-
lations. So purely data-driven techniques mimicked from 
such domains are not appropriate and might not work. On 
the other hand, our first-principles knowledge can be lever-
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aged and exploited to reduce the need for large amounts of 
data. Thus, building hybrid-AI models is more appropriate 
for many chemical engineering applications. Throughout the 
course, my lectures and assignments emphasize this view in 
different contexts and applications. 

I classify AI applications into three categories [134] – “easy,” 
“hard,” and “harder” problems. The relatively “easy” ones 
are those where plenty of data is available, and many off-
the-shelf machine learning software could be used to extract 
useful patterns from such data. These are not particularly 
difficult problems, as such applications were demonstrated 
even in the 1990s. These applications serve well as introduc-
tory examples in the course. 

On the other hand, the “hard” problems require building 
hybrid-AI models and generating mechanism-based causal 
explanations. Many problems in materials science and ma-
terials design, such as the design of polymers, [82] fuel addi-
tives [25] and rubber compounds,,[27] fall into this category. 
Building in the underlying physics and chemistry is very 
important here. While work in the 1990s, again, showed 
how these could be done, we are still quite some ways from 
developing such models systematically, reliably, and easily 
for large-scale and diverse applications. I think this might 
take another 5-10 years or so. The course topics and lectures 
stress this important need and point out the opportunities. 

The third category, the “harder” problems, includes those 
problems where one would have to build domain-specific 
ontologies, compilers, languages, and knowledge engines, 
such as the ones reported for catalyst design [32-34] and phar-
maceutical manufacturing. [19, 21-22, 35-36] These would require 
much more work, not the mere application of standard tech-
niques and software in machine learning. They need careful 
integration of symbolic domain knowledge with data-driven 
methods. I estimate such systems might take ~10 years to 
emerge as routine implementations. 

In my opinion, it is in the latter two categories where the 
most interesting and intellectually challenging problems lie. 
Therefore, the course lectures and case studies are designed 
to highlight these points and opportunities. 

Having participated in the first two phases of the AI “revo-
lution” – expert systems in the 1980s and neural networks in 
the 1990s – I am somewhat wary of the hype surrounding 
data science now. While there is much to be excited about 
in machine learning, we should not abandon first-principles 
based modeling. As noted, this is particularly important 
given that our domain is governed by physicochemical (and 
biological) mechanisms, unlike game playing and natural 
language processing. Therefore, we need to strike a proper 
balance between mechanistic models and data-driven tech-
niques. Over the past three decades, I designed and taught a 
course that strived to achieve this balance by incorporating 
both symbolic and numeric AI.
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