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Abstract 

 

Voluminous process data is available with the paradigm shift towards smart manufacturing. 

However, most historical data are observational, containing non-causal correlations due to 

confounders and mediators. Estimating causal effects from observational data remains a 

bottleneck in leveraging them for active applications such as optimization and control. This 

work aims to introduce a causal modeling framework for analyzing observational process 

data and extracting quantitative causal information. We demonstrate a real-world application 

in steel manufacturing where causal inference is used to analyze observational production 

data and improve the steelmaking process. Additionally, we propose a novel formulation for 

identifying critical process parameters from observational data, where causal inference is 

combined with variance-based methods to estimate corresponding risks of interventions to 

the manufacturing system. The proposed methods are compared with statistical ones to 

illustrate that causally interpreting statistical correlation leads to problematic results, while 

the provided workflow generates satisfactory strategies for process improvement.  

 

Keywords: Smart Manufacturing, Causal Inference, Machine Learning 

This is the author manuscript accepted for publication and has undergone full peer review but has
not been through the copyediting, typesetting, pagination and proofreading process, which may
lead to differences between this version and the Version of Record. Please cite this article as doi:
10.1002/aic.17986

This article is protected by copyright. All rights reserved.

http://orcid.org/0000-0002-4630-9287
http://dx.doi.org/10.1002/aic.17986
http://dx.doi.org/10.1002/aic.17986
http://crossmark.crossref.org/dialog/?doi=10.1002%2Faic.17986&domain=pdf&date_stamp=2022-12-20


 

Prelude: Reflections of Wayne Bequette 

I was fortunate to be a friend and colleague of Babatunde (Tunde) Ogunnaike for over 30 years. 

Once, when I visited him at du Pont, he noted that he was carrying a disk drive fully loaded 

with the content of his over 1200-page textbook with W. Harmon Ray, to be shipped to Oxford 

for publication. Tunde was a good-natured spirit who received a number of "awards" 

(notoriously presented at Chemical Process Control conferences). Given that most of control 

theory has been based on linear models, Tunde once presented the analogy that linear models 

were elephants and that nonlinear models would be the equivalent to all non-elephantine 

animals. Thus, at the 1996 CPC he received the "Wild Kingdom Award" for introducing the set 

of non-elephantine animals. As a follow-up, at the 2006 CPC, The Tunde Ogunnaike Systems 

Zoology Award was given to: (i) Frank Allgower for a presentation on (non) Elephantine 

Animals, (ii) Ron Pearson for using a set of geometrical cows, and (iii) to Jim Rawlings for 

Multi-model duck hunting. 

Professor Ogunnaike received an MS in Statistics in addition to his PhD in Chemical 

Engineering at the University of Wisconsin, and the rigorous applications of statistics appear in 

many of his publications; indeed, he authored a comprehensive textbook on statistics 1. His 

paper with Verma et al. 2 presents an application of causality analysis in the modeling of 

signaling patterns in liver lobules. We are very happy to provide our paper on a related topic to 

this special issue devoted to the memory of Tunde Ogunnaike. 
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Introduction 

With the rapid advancement of the Industrial Internet of Things (IIoT), artificial intelligence, 

and cloud computing, the manufacturing industry is moving towards a more integrated and 

data-driven paradigm known as smart manufacturing 3–5. In smart manufacturing systems, a 

massive amount of process data are generated, providing a great opportunity for process 

improvement 6,7. As a result, process data analytics plays an increasingly important role in 

smart manufacturing, and many successful applications have been reported 8–10. 

One of the major issues in process data analytics is causality 11. Unlike statistical associations 

which are based on the observed input-output responses, causal relationships explore the 

underlying driving force and enable the prediction of system behavior under perturbations 12. 

Causality is not necessary for passive smart manufacturing applications such as monitoring 

and soft sensors, but it is critical for active applications such as control and optimization 11,13. 

In passive applications such as process monitoring, the goal is to model statistical relationships 

between process variables during normal operation, so deviations from normal operating 

conditions can be detected 5,14. Active application on the other hand requires the inference of 

system behavior after applying perturbations to the system. Active alteration of process 

operation will change the underlying data-generating process, which changes the statistical 

associations in process data. Therefore, purely statistical models are insufficient to drive 

process improvement decision-making 15. This idea is commonly known as “correlation does 

not imply causation”. Statistical associations in data are static “snapshots” of the system, while 

causal dependences capture the dynamic behavior of the system when interventions are 

introduced. Additionally, causality can facilitate the creation of explainable machine learning 
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models 16,17. In smart manufacturing applications, decisions often need to be made where the 

rationale behind each analysis is transparent. Causality shows the causal and effect 

relationships between input and output and incorporated mechanistic understanding into the 

data-driven decision-making process.  By improving model expandability, causality improves 

data-driven model acceptance in real-world smart manufacturing applications 18.  Causality is 

crucial for data-driven attempts at process improvement. 

Traditional methods for developing causal data-driven models of manufacturing systems are 

experimental, where input variables are manipulated and the changes in outputs are recorded. 

Randomized experiments are the golden standard for extracting causal relationships in systems 

19. For active applications such as control, system identification techniques are commonly used 

to construct causal data-driven models of the dynamic system 20. Excitation signals such as 

pseudorandom binary sequences are applied to the input variables as a designed intervention 

to extract causal information from the dynamic system 21.  

However, in manufacturing systems experimentations may be impractical or even infeasible, 

and only observational data are available for analysis. Unlike experimental data which is based 

on designed perturbation of the manufacturing system, the analyst has no control over how 

data are collected in observational studies 22. Without experimental design, observational data 

often contain spurious correlations that will skew our understanding when the statistical 

associations are interpreted in a causal way 23. For instance, the logged data may not represent 

the target population, or spurious associations may exist due to unmodeled variables. 

Extracting causal relationships from observational data remains a bottleneck in leveraging 

process big data for process improvement 24. 

Extracting causal information from observational data is a challenging issue with ongoing 
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research efforts 13,25. Because observational data only contains static snapshots of the data-

generating process, it alone is insufficient to answer causal queries where interventions are 

introduced and the underlying data-generating process is changed. Therefore, additional 

assumptions of the system are required to support causal queries 26. Causal inference seeks to 

bridge this gap by providing a systematic framework to model causal assumptions and solve 

causal queries 27.  Observational studies are common in medical, social, and natural science, 

and causal inference has contributed to many fruitful pieces of research 28–33.  

Applications of causality in manufacturing are limited, and the focus is mainly on causal 

discovery 34–39. Causal discovery is a qualitative task, seeking to extract the causal structure of 

the system from observational data; while causal inference focuses on the quantitative side, 

seeking to quantify the strength of the causal effect between variables 40. Additionally, current 

works are mainly based on Bayesian networks and Granger causality, which is unable to 

address spurious correlations in observational data 41,42. Causality has been widely used in fault 

detection and diagnosis (FDD) to understand the propagation path of abnormality 43–47. In 

manufacturing systems where field knowledge is unavailable or insufficient, data-driven 

causal discovery can help augment FDD efforts by identifying possible root causes and 

reducing alarm flooding 14,48–51. Another common application of causal reasoning in 

manufacturing is to facilitate statistical models. Using causality, statistical machine learning 

models can learn more invariance and robust relationships and improve model explainability 

25,52–54.  

This paper seeks to introduce causal modeling tools that provide a generalizable framework 

for analyzing non-causally correlated observational process data, including confounding, 

mediating, as shown in Figure 1. Confounders are variables that affect both input and output 
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variables, which introduces spurious correlations between them. Mediators are variables are 

caused by independent variables which in turn cause the dependent variable. Mediators will 

cause indirect causal relationships. 

The problem we seek to solve is “when given qualitative knowledge about the causal structure 

of the manufacturing system, can we generate an unbiased quantitative estimation of the 

strength of the causal relationships”. Firstly, we present the popular Structural Causal Models 

(SCM) framework which provides a strong theoretical foundation for analyzing Spuriously 

correlated observational data. Secondly, we presented a real-world application where SCM is 

used to improve a steel manufacturing process. Thirdly, we presented a novel formulation for 

identifying critical process parameters (CPPs) from observational data using SCM, illustrated 

through a simulation case study.  

The paper is structured as follows: In section 2, we provide a brief overview of the theoretical 

background for causal inference. In section 3, we discussed a motivating real-world example 

from a steel manufacturing plant, where causal inference was used to analyze observational 

process data to improve the manufacturing process. In section 4, we provided a novel causal 

framework for identifying the critical process parameters using observational data. The paper 

concludes with a discussion in section 5. 

Theoretical Background: Causal inference and do-calculus 

This section presents a brief overview of the SCM framework 55 which serves as the theoretical 

foundation for representing causal relationships and estimating causal effects. Causal 

assumptions are integrated into the SCM framework in the form of a causal graph. It should 

be noted that another widely used framework for causal inference in statistics is the “potential 
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outcomes” framework, which relies less on graphic representations 56. The two frameworks 

are logically equivalent 57. Because graph representations are common in manufacturing 

systems (such as P&ID), the SCM framework is selected in the manuscript as the theoretical 

foundation. This framework provides an unambiguous way to annotate causal assumptions and 

queries. Additionally, it provides a set of algorithms to combine causal assumptions with 

observational data to answer causal queries. 

Causal graphs and intervention 

In the SCM framework, the causal relationships between variables are represented using directed 

acyclic graphs (DAGs), where the vertices represent process variables and directed edges 

represent the causal relationships. The graphs are assumed to be acyclic, which doesn’t allow 

feedback loops. In causal inference, the causal graphs represent the causal assumptions of the 

system.   

Under the SCM framework, interventions are annotated using the do-operator. 𝑝𝑝(𝑦𝑦|𝑑𝑑𝑑𝑑(𝑥𝑥 =

𝑥𝑥0)) simulated a physical intervention where the variable 𝑥𝑥 is manipulated to be a constant 𝑥𝑥0, 

while the rest of the model remains unchanged. Since this intervention changes the underlying 

data-generating process, the causal query.  𝑝𝑝(𝑦𝑦|𝑑𝑑𝑑𝑑(𝑥𝑥 = 𝑥𝑥0)) is different from the statistical 

query 𝑝𝑝(𝑦𝑦|𝑥𝑥 = 𝑥𝑥0), which is based on the original data-generating process. The intervention 

𝑑𝑑𝑑𝑑(𝑥𝑥 = 𝑥𝑥0) can be graphically represented using the graphical model as shown in Figure 2. 

Because of the intervention, variable 𝑥𝑥 no longer varies with the changing 𝑧𝑧, instead, it was 

fixed to be a constant 𝑥𝑥0, which is represented by removing the edge from 𝑍𝑍 to 𝑋𝑋. Using the 

new annotation system in SCM, we’ll be able to systematically describe, identify and estimate 

causal effects. 
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Steps of causal inference 

Because the simulated causal query 𝑝𝑝(𝑦𝑦|𝑑𝑑𝑑𝑑(𝑥𝑥))  cannot be directly estimated from 

observational data, a procedure is developed for the SCM framework to reduce the causal 

queries into “do-free” expressions. Because the “do-free” query is statistical, it can then be 

estimated from observational data using statistical principles. If the do-operator can be 

successfully removed from the causal query, then the queried causal effect is identifiable 26,58.  

The procedure for solving causal problems involves four steps, as shown in Figure 3 59. Firstly, 

in the definition step, the causal query is expressed using the do-operator. Secondly, in the 

formulation stage, knowledge of the underlying mechanism is organized to form the causal 

assumptions, in the form of a causal graph. Then in the identification process, based on the 

causal graph, the do-operators in the causal query are reduced using a set of analytical methods 

provided in the do-calculus 26. If the causal query can be reduced into a “do-free” query, the 

resulting expression is the identified statistical estimand that answers the causal query. Lastly, 

in the estimation step, collected data is leveraged to estimate the resulting statistical estimand, 

which answers the causal query. In section 3, a real-world example will be discussed to 

illustrate this procedure. 

Do-calculus provides three main analytical rules that can be leveraged for causal query 

identification 58. Given causal graph 𝐺𝐺, with arbitrary nodes 𝑋𝑋, 𝑌𝑌, 𝑍𝑍,𝑊𝑊, the following laws 

would hold for every data generating process that can be described by G. 

 𝑝𝑝(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑋𝑋), 𝑍𝑍,𝑊𝑊) = 𝑝𝑝(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑋𝑋),𝑊𝑊) if (𝑌𝑌 ⊥ 𝑍𝑍 | 𝑋𝑋,𝑊𝑊)𝐺𝐺𝑋𝑋�  (1) 

Where 𝐺𝐺𝑋𝑋� represent the graph obtained by removing all edges going into 𝑋𝑋 from 𝐺𝐺. 
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 𝑝𝑝(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑋𝑋), 𝑑𝑑𝑑𝑑(𝑍𝑍),𝑊𝑊) = 𝑝𝑝(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑋𝑋), 𝑍𝑍,𝑊𝑊) if (𝑌𝑌 ⊥ 𝑍𝑍 | 𝑋𝑋,𝑊𝑊)𝐺𝐺𝑋𝑋�𝑍𝑍 (2) 

Where 𝐺𝐺𝑋𝑋�𝑍𝑍 represent the graph obtained by removing all edges going into node 𝑋𝑋 and edges 

coming out from node 𝑍𝑍 from 𝐺𝐺. 

   
 𝑝𝑝(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑋𝑋), 𝑑𝑑𝑑𝑑(𝑍𝑍),𝑊𝑊) = 𝑝𝑝(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑋𝑋),𝑊𝑊) if (𝑌𝑌 ⊥ 𝑍𝑍 | 𝑋𝑋,𝑊𝑊)𝐺𝐺𝑋𝑋𝑋𝑋(𝑊𝑊)���������� (3) 

Where 𝐺𝐺𝑋𝑋𝑋𝑋(𝑊𝑊)���������� represent the graph obtained by removing all edges going into node 𝑋𝑋 and 𝑍𝑍(𝑊𝑊) 

from 𝐺𝐺. 𝑍𝑍(𝑊𝑊) represent the 𝑍𝑍 nodes that are not ancestors of any W-nodes in 𝐺𝐺𝑋𝑋�. 

It should be noted that not all causal queries are identifiable. If through repeated application of 

the analytical rules of do-calculus, all do-operators can be removed from a causal query, then 

this query is estimable from observational data, where the final statistical estimand is the 

estimator. It has been proven that the do-calculus is complete to the identifiability of causal 

queries 60. Because the identifiability of causal queries is only based on the causal structure and 

cannot be resolved by collecting more data 55, extra experimental efforts may be required to 

address nonidentifiable causal queries. 

Motivating example: Steel manufacturing process 

improvement 

This work was motivated by a data analytics task from a real-world steel manufacturing 

process, where observational process data was analyzed to improve the manufacturing process. 

Specifically, the process data seemed to suggest an improvement strategy that contradicts field 

understanding. After causal inference strategies were adopted, it was found that the 

contradiction is generated by interpreting statistical associations in a causal manner, and the 
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new strategy based on causal inference agreed well with field knowledge. 

This project aims to address a common type of fault called clogging, which is caused by the 

undesired deposition of solids in the flow channel which restricted the flow of liquid steel 61. 

Two years worth of real-world steelmaking data was collected from one of Cleveland Cliffs’ 

plants 54. There are 37 input features in this dataset, including compositions, ladle treatment, 

and temperature measurements, which can be roughly understood as the recipe of the steel. 

Each sample was labeled manually by operators, either as “faulty” or “normal”. The objective 

of this project is to improve this manufacturing process and reduce clogging. 

Initially, a data-driven predictive model is developed to predict clogging given the recipe of 

the steel 54. The goal was to capture the statistical correlation in historical manufacturing data 

using a machine learning model, which can then be used as a surrogate to optimize the process. 

Based on historical batch recipe data, supervised-learning models including boosted decision 

trees and neural networks are implemented to map steel manufacturing recipes to the 

likelihood of clogging. Despite promising prediction accuracy, when the developed statistical 

model is used for process improvement, the resulting strategy contradicts the mechanistic 

understanding. One important reason for this contradictory result is that statistical correlations 

captured by the machine learning model should not be causally interpreted.   

Following is an analysis of one critical process variable in steel manufacturing. Because scatter 

plots contain the most fundamental and uncompressed information of the statistical 

associations, it is selected to demonstrate that statistics alone is insufficient for solving such 

process improvement problems.  

One important raw material in the steelmaking process is recycled steel named scrap. Besides 
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being an important raw material, it is often added as a coolant to the steelmaking process 62.  

Scrap addition correlates negatively with clogging in the collected dataset, as shown in Figure 

4 and Table 1. Based on the negative correlation, one may recommend increasing scrap 

addition in the steelmaking process to reduce clogging. However, this is opposite to the 

mechanistic understanding that scrap reduces steel cleanliness thus increasing the likelihood 

of clogging. 

This seemingly contradictory result is due to the attempt to interpret statistical associations in 

a causal way. This interpretation is inexplicitly assuming that the process data is experimental, 

which is collected when scrap addition is independently manipulated while the other process 

variables are controlled. However, the collected data is observational where scrap addition was 

adjusted together with other process variables to follow prespecified recipes, resulting in 

spurious correlations in the dataset. 

These spurious correlations can be adjusted for using the causal inference procedure 

introduced in section 2, where a mechanistic understanding of the causal mechanism is 

combined with historical process data to estimate the causal contribution of the scraps on 

clogging.  

Firstly, the causal query is written using the do-operator notation 𝑝𝑝(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑑𝑑𝑑𝑑(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)).  

Secondly, a mechanistic-based causal assumption is added to identify a statistical estimand that 

quantifies the causal contribution and removes the do-operator in the query. Based on 

mechanistic understanding, scrap was added as a coolant to adjust liquid steel temperature and 

meet the temperature setpoint in the steelmaking recipe. Together with scrap, aluminum was 

also used to adjust steel temperature. The oxidation of aluminum is an exothermic process that 
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increases the temperature of steel. Figure 5 shows the causal graph that represented this causal 

assumption, where z represents the temperature setpoint that remains hidden, 𝑋𝑋1  represents 

scrap addition and 𝑋𝑋2 represents aluminum addition, 𝑌𝑌 represents clogging.  

Thirdly, based on the causal assumption in the form of the causal diagram, Do-calculus was 

used to address non-causal correlations in data and estimate the causal contribution of scrap to 

clogging based on the given causal graph. By applying the analytic rules from SCM, the causal 

query is identifiable and can be estimated by: 

 
𝑝𝑝(𝑦𝑦|𝑑𝑑𝑑𝑑(𝑥𝑥1)) = � 

 

𝑧𝑧

𝑝𝑝(𝑦𝑦|𝑥𝑥1, 𝑥𝑥2)𝑝𝑝(𝑥𝑥2) 
 

(4) 

 

Therefore, instead of running logistic regression of 𝑦𝑦 on 𝑥𝑥1 , which inexplicitly assumes 

𝑝𝑝(𝑦𝑦|𝑑𝑑𝑑𝑑(𝑥𝑥1)) = 𝑝𝑝(𝑦𝑦|𝑥𝑥1), the logistic regression should be of 𝑦𝑦 on both 𝑥𝑥1 and 𝑥𝑥2. The result 

is shown in Table 2. Note that the sign of the coefficient for scrap has flipped to positive, which 

agrees well with the mechanistic understanding. Causal inference addressed the spurious 

correlations by identifying the correct statistics to estimate from the data. 

Lastly, the identified statistical estimand can be estimated using appropriate statistical and 

machine learning methods. Logistic regression is selected so the results can be directly 

compared with the previously discussed statistical results.  

The mechanistic reason for the seemingly paradoxical result is the spurious correlation 

between aluminum and scrap. Due to the hidden factor of the recipe, in this observational study 

scrap correlates strongly with aluminum addition, which is a strong non-causal correlation. 

The oxidant of aluminum is one of the main components in the clog, so aluminum addition 
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significantly increases the likelihood of clogging 63. Scrap and aluminum are negatively 

correlated due to their opposite effect on temperature. As a result, high scrap correlates 

strongly with low aluminum, which jointly associates with a lower likelihood of clogging, thus 

the spurious negative correlation between scrap and clogging. 

Even though this example is from a steel manufacturing plant, the challenge of extracting 

causal information from observational data is universal 64. Due to recipe designs, feedforward 

adjustment, and human intervention, non-causal correlations are very common in process data 

6,25,65. Without the scrutiny of causal inference, any found statistical association may lead to a 

faulty attempt at process improvement. 

Applying the SCM framework to identify critical process 

parameters 

This section presented a novel formulation for identifying critical process parameters (CPPs) 

from observational data using SCM. The problem we seek to solve is “given observational 

process data, can we identify the key process parameters so we can prioritize experimentation 

and process control effort?”.  

Background 

Critical process parameters 

Critical process parameters (CPPs) are the key parameters in manufacturing processes that 

most heavily affect product quality. As a result, experimentation and process control efforts 

should be prioritized in CPPs to maintain satisfactory process performance. Therefore, 

identifying CPPs is a crucial step to support many active tasks for smart manufacturing 66.  
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The definition of CPPs is intrinsically causal instead of associative. The goal of CPP 

identification is to facilitate active tasks such as process improvement and process control. The 

search of CPPs tries to infer the hypothetical outcome if interventions such as control are 

provided on certain process parameters. Because the hypothetical intervention will change the 

underlying data-generating process, the search for CPPs is intrinsically a causal query.  

The identification of CPPs is similar to feature selection in predictive modeling. Feature 

selection seeks to identify the most relevant subset of variables for model construction. By 

eliminating redundant or irrelevant features, feature selection can improve model performance 

and robustness 67. The general objective of feature selection is usually associational instead of 

causal, aiming to improve the predictive performance of the model. However, causality can 

also facilitate the feature selection process 68. 

Because CPP identification is intrinsically a causal query, established methods for CPP 

identification are experimental, which are based on the Design of Experiment (DOE) 

principles upon either physical systems or computer simulations 69,70. In established methods, 

the analysts usually have control over the way data are collected, where process variables can 

be manipulated independently. By efficient sampling from the design space and carefully 

designing the experiments, experimental identification of CPPs are widely accepted technique 

in process system engineering 70,71. 

However, experiments on the physical system can be very expensive if feasible at all. 

Additionally, constructing high-fidelity process models may also be infeasible due to process 

complexity. Smart manufacturing technology has significantly increased the availability of 

observational process data. Taking advantage of the increasingly available observational 

process data to aid the identification of CPPs is a promising alternative.  
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Sensitivity analysis 

Sensitivity analysis is the most widely used statistical tool for identifying CPPs72. The 

application of sensitivity analysis assumes experimental or simulation data. The Morris 

method and variance-based method are the most commonly used sensitivity analysis methods 

for identifying CPPs. 

The Morris method is commonly used for preliminary candidate variable screening as a result 

of its computational simplicity. It calculates the “average slope” of the output on each 

candidate variable. The Morris method assumes an experimental dataset where only one 

variable is changed at each sampling step so that the contribution of each variable is calculated 

independently. After a random perturbation Δ𝑖𝑖  is made on variable 𝑥𝑥𝑖𝑖, the resulting change in 

the output y is recorded. Then the elementary effect, which is a rough estimation of the slope, 

can be calculated as: 

 

 
𝐸𝐸𝐸𝐸𝑖𝑖 =

𝑌𝑌(𝑥𝑥1, 𝑥𝑥2, . . . , 𝑥𝑥𝑖𝑖  + 𝛥𝛥𝑖𝑖 , . . . , 𝑥𝑥𝐾𝐾) − 𝑌𝑌(𝑥𝑥1, 𝑥𝑥2, . . . , 𝑥𝑥𝑖𝑖, . . . , 𝑥𝑥𝐾𝐾)
𝛥𝛥𝑖𝑖

 

 

 
(5) 

 

After calculating elementary effects for all samples, the global sensitivity score for the system 

can be generated by combining all elementary effects: 

 

 
𝜇𝜇𝑖𝑖 =  

1
𝑟𝑟
�𝐸𝐸𝐸𝐸𝑖𝑖

𝑗𝑗
𝑟𝑟

𝑗𝑗=1

 , 
 

(6) 
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𝜎𝜎𝑖𝑖2 =
1

𝑟𝑟 − 1
��𝐸𝐸𝐸𝐸𝑖𝑖

𝑗𝑗 − 𝜇𝜇𝑖𝑖�
2

𝑟𝑟

𝑗𝑗=1

, 
(7) 

  

𝜇𝜇𝑖𝑖∗ =
1
𝑟𝑟
��𝐸𝐸𝐸𝐸𝑖𝑖

𝑗𝑗�
𝑟𝑟

𝑗𝑗=1

, 

 
 

(8) 

 

Where 𝑟𝑟 is the number of trajectories for sample generation during experimental design. The 

𝜇𝜇𝑖𝑖  metric measures the averaged elementary effect, while 𝜎𝜎𝑖𝑖2  represents the variance in 

elementary effects, quantifying the level of nonlinearity. Because the absolute value of 

elementary slopes quantifies the strength of influence, to avoid positive and negative 

elementary effects canceling out, 𝜇𝜇𝑖𝑖∗ is used to quantify the “averaged absolute slope”. Usually, 

variables with higher metric values are considered more important. 

Variance-based methods take a second-order approach, where the variance in the output 

variable is decomposed into contributions of each input variable, including individual and joint 

contributions 73: 

 

 
𝑉𝑉(𝑌𝑌) = �𝑉𝑉𝑖𝑖

𝑘𝑘

𝑖𝑖=1

+ � 𝑉𝑉𝑖𝑖,𝑗𝑗

 

1≤𝑖𝑖≤𝑗𝑗≤𝑘𝑘

+ ⋯+ 𝑉𝑉𝑖𝑖,𝑗𝑗…,𝑘𝑘, 
 

(9) 

  

𝑆𝑆𝑖𝑖 =
𝑉𝑉𝑖𝑖

𝑉𝑉(𝑌𝑌)
, 

 
 

(10) 
  

𝑆𝑆𝑇𝑇𝑖𝑖 =
𝑉𝑉𝑖𝑖 + ∑ 𝑉𝑉𝑖𝑖,𝑗𝑗 + ⋯+ 𝑉𝑉𝑖𝑖,𝑗𝑗…,𝑘𝑘

 
𝑖𝑖≠𝑗𝑗

𝑉𝑉(𝑌𝑌)
, 

 
 

(11) 
 

where 𝑉𝑉𝑖𝑖 is the contribution of variable 𝑖𝑖, 𝑉𝑉𝑖𝑖,𝑗𝑗 is the contribution of the interaction between 

variable 𝑖𝑖, 𝑗𝑗 . Correspondingly, 𝑆𝑆𝑖𝑖  is the first-order sensitivity score, and 𝑆𝑆𝑇𝑇𝑖𝑖  is the total 
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sensitivity score including the first-order effects and all interactions. The difference in 𝑆𝑆𝑖𝑖  and 

𝑆𝑆𝑇𝑇𝑖𝑖 represents the degree of the interaction between different variables. The sensitivity scores 

are estimated through Monte-Carlo techniques. 

 
𝑆𝑆𝑖𝑖 =  

𝑉𝑉𝑋𝑋𝑖𝑖�(𝐸𝐸𝑋𝑋~𝑖𝑖(𝑌𝑌|𝑋𝑋~𝑖𝑖))�
𝑉𝑉(𝑌𝑌)

 , 
 

(12) 
  

𝑆𝑆𝑇𝑇𝑖𝑖 = 1 − 
𝑉𝑉𝑋𝑋~𝑖𝑖�(𝐸𝐸𝑋𝑋𝑖𝑖(𝑌𝑌|𝑋𝑋~𝑖𝑖))�

𝑉𝑉(𝑌𝑌)
, 

 
 

(13) 
where 𝑋𝑋𝑖𝑖 represents the combination of all variables except 𝑖𝑖. Usually, variables with higher 

metric values are considered more important.  

Methodology: Potential Variance Reduction 

Our proposed methodology seeks to combine causal inference with the variance-based method 

to generate risk quantification using observational data. The variance-based analysis is one of 

the key process systems engineering techniques for CPP identification. By directly quantifying 

the risks in manufacturing, variance-based methods aid the identification of CPPs from a risk 

management perspective. Compared to the traditional methods where each variable can be 

manipulated independently in experiments, this proposed method can infer the relative 

importance of the process variables based only on observational data and causal assumptions. 

This proposed method can serve as a preliminary screening of candidate CPPs without the 

production disturbance required by experimental methods. 

Because CPP identification is intrinsically causal, in order to apply sensitivity analysis to 

observational data, the do-calculus notation system should be introduced to create a 

generalized formulation. The element effect of the Morris method, for example, can be 

formulated as: 
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𝐸𝐸𝐸𝐸𝑖𝑖 =

𝐸𝐸[𝑌𝑌|𝑥𝑥1, 𝑥𝑥2, . . . , 𝑑𝑑𝑑𝑑(𝑥𝑥𝑖𝑖 = 𝑥𝑥𝚤𝚤�  + 𝛥𝛥𝑖𝑖) , . . . , 𝑥𝑥𝐾𝐾] − 𝑌𝑌(𝑥𝑥1, 𝑥𝑥2, . . . , 𝑥𝑥𝑖𝑖, . . . , 𝑥𝑥𝐾𝐾)
𝛥𝛥𝑖𝑖

 

 

 
(14) 

where 𝐸𝐸[𝑌𝑌|𝑥𝑥1, 𝑥𝑥2, . . . , 𝑑𝑑𝑑𝑑(𝑥𝑥𝑖𝑖 = 𝑥𝑥𝚤𝚤�  + 𝛥𝛥𝑖𝑖) , … , 𝑥𝑥𝐾𝐾]  represent the causal query of the expected 

value output 𝑌𝑌  if variable 𝑥𝑥𝑖𝑖  is perturbed by 𝛥𝛥𝑖𝑖  from the observed value 𝑥𝑥𝚤𝚤� . Similarly for 

variance-based methods, do-operator can be applied to represent hypothetical perturbations to 

the input variables. 

 𝑉𝑉𝑖𝑖 = 𝑉𝑉𝑉𝑉𝑟𝑟Δ𝑖𝑖(𝐸𝐸 𝑥𝑥~𝑖𝑖 (𝑌𝑌|𝑑𝑑𝑑𝑑(𝑥𝑥𝑖𝑖 = 𝑥𝑥𝚤𝚤� + Δ𝑖𝑖 ))  ) 
 

 
(15) 

where 𝑥𝑥𝚤𝚤�  represent the observed value of variable 𝑥𝑥𝑖𝑖. However, with the increasing number of 

interacting variables, the causal formulation of the variance-based method will easily become 

intractable. It should be noted that if the dataset is experimental, the do-operator can be directly 

removed and these formulations become the original statistical formulation.  

This paper introduces potential variance reduction (PVR) as a new causal variance-based 

method. It is defined as the change of variance in the output if a certain process variable is 

manipulated. This causal query mimics the scenario of further process improvement, where 

candidate process variables are manipulated or controlled to improve the process quality 

attributes 𝑌𝑌. Variables with a large PVR value can be chosen as a candidate CPP. Because PVR 

directly infers the post-intervention outcome without trying to analyze the individual strength 

of variable interaction, it is analytically more trackable for an observational study. 

The definition of PVR can be local or global. Local methods study the impact of variable 𝑥𝑥𝐴𝐴 

around a nominal value 𝑥𝑥𝐴𝐴���: 

 𝑝𝑝𝑝𝑝𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑥𝑥𝐴𝐴 = 𝑥𝑥𝐴𝐴���) = 𝑉𝑉𝑉𝑉𝑉𝑉(𝑌𝑌) − 𝑉𝑉𝑉𝑉𝑉𝑉(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑥𝑥𝐴𝐴 = 𝑥𝑥𝐴𝐴���)) 
 

(16) 
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where 𝑥𝑥𝐴𝐴 is a process variable of interest, and 𝑌𝑌 is the system output.  

Global methods study the expected effect of variable 𝑥𝑥𝐴𝐴 under altered new distribution 𝑝𝑝(𝑥𝑥𝐴𝐴). 

 

 𝑝𝑝𝑝𝑝𝑟𝑟𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔(𝑥𝑥𝐴𝐴~𝑝𝑝(𝑥𝑥𝐴𝐴))
= 𝐸𝐸𝑥𝑥𝐴𝐴~𝑝𝑝(𝑥𝑥𝐴𝐴)[𝑉𝑉𝑉𝑉𝑉𝑉(𝑌𝑌) − 𝑉𝑉𝑉𝑉𝑉𝑉(𝑌𝑌|𝑑𝑑𝑑𝑑(𝑥𝑥𝐴𝐴 = 𝑥𝑥𝐴𝐴���))] 

(17) 

 

where 𝑝𝑝(𝑥𝑥𝐴𝐴) defines the distribution of variable 𝑥𝑥𝐴𝐴 in the design space after the intervention. 

Uniform distribution can be a natural choice. Although the global formulation provides a more 

holistic view of the design space, it can create problems during the estimation stage. Because 

available samples may not fully populate the design space, the altered new distribution 𝑝𝑝(𝑥𝑥𝐴𝐴) 

may not be fully sampled. As a result, the estimation process may suffer from high uncertainty. 

Because the do-calculus framework provided a nonparametric methodology for solving the 

causal queries, and the derivation of PVR is kept nonparametric, any statistical model such as 

neural networks or Gaussian processes can be applied to estimate the statistics.  

Case study 

A case study based on the steady-state operation of the Van de Vusse reactor, which exhibits 

interesting nonlinear relationships, is presented to illustrate the effectiveness of the proposed 

method 74. The simulation results are collected as observational process data. This generated 

observational dataset will be analyzed using the proposed methodology, giving full knowledge 

of the causal mechanism in the form of a DAG. Results using the proposed method are 

compared against the simulated ground truth. Additionally, sensitivity analysis is applied to 

this dataset and compared against the proposed method. Without a causal perspective, 
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sensitivity analysis lacks information on how the underlying data-generating process changes 

after an effort to improve the process. 

Van de Vusse Reactor 

The Van de Vusse reactor is a classic example of a nonlinear dynamical system in chemical 

processes 74. It comprises two parallel reactions from the raw material A, to desired product 

B, undesired by-product C, and D: 

 

 𝐴𝐴
𝑘𝑘1→ 𝐵𝐵

𝑘𝑘2→𝐶𝐶, 
 

(18) 

  
2𝐴𝐴

𝑘𝑘3→ 𝐷𝐷 
 

 
(19) 

 

Because components C and D do not influence the dynamics and states of this system, they 

are neglected in the model. Dilution rate 𝑢𝑢 = 𝑓𝑓/𝑣𝑣 is the manipulated input variable to regulate 

the system. Then, the concentration of A and B can be described by the following ordinary 

differential equation: 

 𝑑𝑑𝐶𝐶𝐴𝐴
𝑑𝑑𝑑𝑑

= −𝑘𝑘1𝐶𝐶𝐴𝐴 − 𝑘𝑘3𝐶𝐶𝐴𝐴2 + (𝐶𝐶𝐴𝐴𝑓𝑓 − 𝐶𝐶𝐴𝐴)𝑢𝑢, 
 

 
(20) 

  
𝑑𝑑𝐶𝐶𝐵𝐵
𝑑𝑑𝑑𝑑

= −𝑘𝑘1𝐶𝐶𝐴𝐴 − 𝑘𝑘2𝐶𝐶𝐵𝐵 + 𝐶𝐶𝐵𝐵 ∙ 𝑢𝑢, 
 

 
 

(21) 

 

Van de Vusse reactor is a challenging nonlinear process with input multiplicity. Additionally, 

this system exhibits nonminimum-phase behavior 75. Therefore, this is commonly used as a 
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benchmark case study. The parameters for this reactor are given in Table 3. 

To mimic real-world process operations which commonly involve disturbances and human 

intervention, variations in raw material concentration as well as human feedforward 

compensation were added to this case study. Specifically, the raw material attribute varied 

from batch to batch, which was assumed to follow a uniform distribution: 

 

 𝐶𝐶𝐴𝐴𝑓𝑓~𝑈𝑈(12,18) (22) 
 

As a response to the variations in raw material attributes, a human operator was assumed to be 

monitoring the process and manually manipulating the feed rate to compensate for the 

variations in raw material attributes. Human intervention similar to the simulated case study is 

common and necessary for maintaining the safe operation of manufacturing systems 65,76. For 

higher concentration feeds, the operator would lower the feed rate to reduce the variation in 

the concentration of product B:  

 
𝑢𝑢~𝑁𝑁�2 +

15 − 𝐶𝐶𝐴𝐴𝑓𝑓
10

, 0.5� 
 

(23) 
 

Through simulation 2000 samples were generated mimicking the observational process data 

(𝐶𝐶𝐴𝐴𝑓𝑓, 𝑢𝑢, 𝐶𝐶𝐵𝐵). It should be noted that through the simulated human intervention, the two main 

process variables were correlated in the observational data, introducing spurious correlations 

in the dataset. Spurious correlations similar to this are one of the main reasons why a causal 

framework should be adopted.  
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The objective of this case study is to identify the relative importance of process parameters, 

based on which variable contributes more to the undesired variations (risk) in the output 𝐶𝐶𝐵𝐵. 

If the feed concentration was selected as the CPP, the process would be improved by using 

higher-grade raw material. If the feed rate was selected as the CPP, a better flow controller 

would be implemented to replace the human operator. 

Study Design 

This case study aims to compare the proposed methodology with sensitivity analysis, which is 

the most widely used process system engineering tool for identifying CPPs 70. 

For the sensitivity analysis techniques, firstly, the generated training data was used to train a 

surrogate model to represent the input-output relationships. Gaussian process models were 

used to build the surrogate models because they are nonparametric and Bayesian, which will 

reduce possible biases in hyperparameter tuning 77. Secondly, the design space was selected to 

be within one standard deviation from the nominal operating point where enough samples were 

available to support the estimation effort. Then both Morris and variance-based sensitivity 

analysis method was applied using the surrogate model and results were collected. 

For our proposed framework, firstly the causal structure was extracted based on a mechanistic 

understanding of this process, as shown in Figure 6. Then this causal graph was incorporated 

into the causal inference framework to identify the statistical estimand that answers the causal 

PVR query. 

For the feed rate 𝑢𝑢, 

 𝑉𝑉�𝐶𝐶𝐵𝐵�𝑑𝑑𝑑𝑑(𝑢𝑢)� = 𝐸𝐸[𝐶𝐶𝐵𝐵|𝑑𝑑𝑑𝑑(𝑢𝑢)] − (𝐸𝐸[𝐶𝐶𝐵𝐵|𝑑𝑑𝑑𝑑(𝑢𝑢)])2 (24) 
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where the estimand for 𝐸𝐸[𝐶𝐶𝐵𝐵2|𝑑𝑑𝑑𝑑(𝑢𝑢)]  and  𝐸𝐸[𝐶𝐶𝐵𝐵|𝑑𝑑𝑑𝑑(𝑢𝑢)] can be derived from the SCM using 

the do-calculus: 

 

 𝐸𝐸[𝐶𝐶𝐵𝐵|𝑑𝑑𝑑𝑑(𝑢𝑢)] = � 𝐶𝐶𝐵𝐵
 

𝐶𝐶𝐵𝐵
𝑝𝑝�𝐶𝐶𝐵𝐵�𝑑𝑑𝑑𝑑(𝑢𝑢)� 

                         = � 𝐶𝐶𝐵𝐵
 

𝐶𝐶𝐵𝐵
�  𝑝𝑝 �𝐶𝐶𝐵𝐵 �𝑢𝑢, 𝐶𝐶𝐴𝐴𝑓𝑓�

 

𝐶𝐶𝐴𝐴𝑓𝑓

 𝑝𝑝 �𝐶𝐶𝐴𝐴𝑓𝑓� 

                         = �  𝐸𝐸 �𝐶𝐶𝐵𝐵 �𝑢𝑢, 𝐶𝐶𝐴𝐴𝑓𝑓�
 

𝐶𝐶𝐴𝐴𝑓𝑓

 𝑝𝑝 �𝐶𝐶𝐴𝐴𝑓𝑓� 

 

 
 
 

(25) 

  

𝐸𝐸[𝐶𝐶𝐵𝐵2|𝑑𝑑𝑑𝑑(𝑢𝑢)] = � 𝐶𝐶𝐵𝐵2
 

𝐶𝐶𝐵𝐵
𝑝𝑝�𝐶𝐶𝐵𝐵�𝑑𝑑𝑑𝑑(𝑢𝑢)� 

                         = � 𝐶𝐶𝐵𝐵2
 

𝐶𝐶𝐵𝐵
�  𝑝𝑝 �𝐶𝐶𝐵𝐵 �𝑢𝑢, 𝐶𝐶𝐴𝐴𝑓𝑓�

 

𝐶𝐶𝐴𝐴𝑓𝑓

 𝑝𝑝 �𝐶𝐶𝐴𝐴𝑓𝑓� 

                         = �  𝐸𝐸 �𝐶𝐶𝐵𝐵2 �𝑢𝑢, 𝐶𝐶𝐴𝐴𝑓𝑓�
 

𝐶𝐶𝐴𝐴𝑓𝑓

 𝑝𝑝 �𝐶𝐶𝐴𝐴𝑓𝑓� 

 
 
 
 

(26) 

 

Notice that 𝐸𝐸 �𝐶𝐶𝐵𝐵 �𝑢𝑢, 𝐶𝐶𝐴𝐴𝑓𝑓� and 𝐸𝐸 �𝐶𝐶𝐵𝐵2 �𝑢𝑢, 𝐶𝐶𝐴𝐴𝑓𝑓� are essentially statistical regression models.  

The PVR for feed concentration 𝐶𝐶𝐴𝐴𝑓𝑓 was also derived based on the causal graph: 

 

 𝑉𝑉 �𝐶𝐶𝐵𝐵�𝑑𝑑𝑑𝑑 �𝐶𝐶𝐴𝐴𝑓𝑓�� = 𝐸𝐸 �𝐶𝐶𝐵𝐵2|𝑑𝑑𝑑𝑑(𝐶𝐶𝐴𝐴𝑓𝑓)� − �𝐸𝐸 �𝐶𝐶𝐵𝐵|𝑑𝑑𝑑𝑑(𝐶𝐶𝐴𝐴𝑓𝑓)��
2
 (27) 

Where similarly, the estimand for  𝐸𝐸 �𝐶𝐶𝐵𝐵2|𝑑𝑑𝑑𝑑(𝐶𝐶𝐴𝐴𝑓𝑓)� and 𝐸𝐸 �𝐶𝐶𝐵𝐵|𝑑𝑑𝑑𝑑(𝐶𝐶𝐴𝐴𝑓𝑓)� can be identified as 

 

𝐸𝐸 �𝐶𝐶𝐵𝐵|𝑑𝑑𝑑𝑑(𝐶𝐶𝐴𝐴𝑓𝑓)� = � 𝐶𝐶𝐵𝐵
 

𝐶𝐶𝐵𝐵
𝑝𝑝 �𝐶𝐶𝐵𝐵�𝑑𝑑𝑑𝑑 �𝐶𝐶𝐴𝐴𝑓𝑓��  

 
 

(28) 
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                              = � 𝐶𝐶𝐵𝐵
 

𝐶𝐶𝐵𝐵
 𝑝𝑝 �𝐶𝐶𝐵𝐵�𝐶𝐶𝐴𝐴𝑓𝑓� 

                              = 𝐸𝐸 �𝐶𝐶𝐵𝐵 �𝐶𝐶𝐴𝐴𝑓𝑓� 
 
 

𝐸𝐸 �𝐶𝐶𝐵𝐵2|𝑑𝑑𝑑𝑑(𝐶𝐶𝐴𝐴𝑓𝑓)� = � 𝐶𝐶𝐵𝐵2
 

𝐶𝐶𝐵𝐵
𝑝𝑝 �𝐶𝐶𝐵𝐵�𝑑𝑑𝑑𝑑 �𝐶𝐶𝐴𝐴𝑓𝑓�� 

                              = � 𝐶𝐶𝐵𝐵2
 

𝐶𝐶𝐵𝐵
 𝑝𝑝 �𝐶𝐶𝐵𝐵�𝐶𝐶𝐴𝐴𝑓𝑓� 

                              = 𝐸𝐸 �𝐶𝐶𝐵𝐵2 �𝐶𝐶𝐴𝐴𝑓𝑓� 
 

 
 
 
 

(29) 

Similarly,  𝐸𝐸 �𝐶𝐶𝐵𝐵 �𝐶𝐶𝐴𝐴𝑓𝑓� and 𝐸𝐸 �𝐶𝐶𝐵𝐵2 �𝐶𝐶𝐴𝐴𝑓𝑓� are also regression models. 

After identifying the statistical estimand that answers the PVR causal query, the statistical 

estimands were estimated using the collected observational data using a standard machine 

learning procedure. Specifically, gaussian process regression was used for its non-parametric 

flexibility. As a result of the identification stage, all data can be used during the estimation 

stage without requiring further treatment such as matching. 

Results of both the classic sensitivity analysis and the proposed PVR model were compared 

against the simulated ground truth. The ground truth benchmark was generated by simulating 

the subsequent process improvement effort given the identified CPP.  To represent identifying 

feed concentration as CPP, variations in the feed concentration were removed and 𝐶𝐶𝐴𝐴𝑓𝑓becomes 

a constant. To represent identifying feed rate as CPP, variations in the feed rate were removed 

and u becomes a constant. The selection of CPP that more effectively reduces variations in the 

system output was considered the ground truth. 

Results 

The results of using sensitivity analysis for identifying CPPs in the Van de Vusse reactor case 

study are shown in Table 4. Both Morris method and variance-based method suggested that 

 15475905, 2023, 4, D
ow

nloaded from
 https://aiche.onlinelibrary.w

iley.com
/doi/10.1002/aic.17986 by O

ffice O
f Scientific A

nd T
echnical Inform

ation, W
iley O

nline L
ibrary on [16/08/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



 

feed rate is more critical. If this result is causally interpreted, process improvement efforts 

would prioritize selecting high-grade raw materials to reduce variations in the feed 

concentration. 

The result of using the proposed methodology is shown in Table 5.  Contrary to the results 

based on sensitivity analysis, the proposed method identified feed rate as the CPP, because it 

provided a higher potential decrease in output variation. Process improvement efforts would 

prioritize installing a flow controller. 

The ground truth was calculated by simulating the process improvement effect, as shown in 

Table 6. The corresponding intervention was provided to the simulation based on the identified 

CPP. It suggested that installing a flow controller is a more effective process optimization effort. 

This case study demonstrated that causally interpreting statistical results without proper 

evaluation of the underlying causal assumption is problematic. As shown in Table 4, blindly 

applying sensitivity analysis to observational data without understanding the causal mechanism 

of the underlying data-generating process led to suboptimal attempts for process improvement.  

Nonetheless, as shown in Table 5, using the proposed framework, statistical metrics can be 

identified which quantify the individual contribution of each of the entangled variables. If 

proper causal assumptions were incorporated into the proposed framework, the right CPPs can 

be identified based on observational data. 
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Discussion 

The Smart Manufacturing Leadership Coalition (SMLC) defines smart manufacturing as the 

right data in the right form, the right people with the right knowledge, the right technology, and 

the right operations, whenever and wherever needed throughout the manufacturing enterprise 4. 

Our proposed framework provided a systematic approach to incorporate the right knowledge in 

the right form to help identify the right data, which in turn drives the right decision. For 

observational process data, finding the right data to estimate the right statistics is a critical step 

for process improvement efforts. Unlike carefully designed experimental settings where the 

focus is to extract causal relationships in the manufacturing system, the majority of data 

collected from smart manufacturing systems are observational, and the true causal effect is 

hidden under the entangled statistical correlations. This proposed framework will help bridge 

the gap between the observational smart manufacturing data and the causal smart manufacturing 

objective. 

For process data analytics tasks, the selection of dataset and statistical estimand relies heavily 

on experience using a trial-and-error approach 78. Behind each data selection operation and 

statistics estimation effort, inexplicit causal assumptions are made. Without conveying the 

assumptions unambiguously and explicitly, the generated results cannot be systematically 

validated, and the robustness of the results cannot be analyzed. The proposed framework on the 

other hand explicitly represented the assumptions using graphs, allowing for easy validation 

from field experts and efficient robustness checks through sensitivity analysis of the 

assumptions. Additionally, graphic models of manufacturing systems are more accessible 

compared to observational studies in economics or social science 79,80, in the form of P&ID or 
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system flowsheet. As a result, the proposed framework can be integrated seamlessly into the 

current process data analytics workflow. 

It should be noted that the feedback mechanism may introduce loops in the graph, violating the 

DAG assumption of the proposed framework. Additionally, not all causal queries are 

identifiable under the given causal assumption. As a result, experimental efforts are necessary 

to answer many causal queries.  

Another challenge facing the proposed method, as well as many other data-driven methods are 

the lack of support. Due to the existing process design and control strategies, manufacturing 

systems are usually operated within a tight region in the design space. Therefore, most samples 

are restricted to the limited regions within the design space, and the majority of the design space 

remains unexplored. However, many data analytics tasks including CPP identification require 

queries outside the region where the majority of the samples lie. Especially in the case of causal 

inference, the methods may try to infer quantities far away from the training samples without 

the awareness of data availability. Therefore, Bayesian methods should be implemented to 

estimate the uncertainty of the predictions, such that limited confidence is assigned to out-of-

training-distribution prediction 81. 

Conclusion 

In this work, we introduced a generalizable causal modeling framework for analyzing process 

data to extract quantitative causal information, in the context of smart manufacturing. Because 

most process data collected in smart manufacturing systems are observational, the datasets are 

commonly non-causally correlated and the true causal effects are hidden under convoluted 

statistical correlations. Based on the Structural Causal Models (SCM) framework, we provided 
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a workflow for analyzing spuriously correlated observational data to extract causal information.  

Firstly, we demonstrated a real-world application where the causal inference framework is used 

to improve a steel manufacturing process. We illustrated that causally interpreting statistical 

associations in data will lead to faulty results which contradict mechanistic knowledge. Then 

we showed how to apply the SCM framework to understand the spurious correlation, and 

provided a workflow for data-driven causality-based decision support. Lastly, we demonstrated 

that by utilizing the provided workflow on the steelmaking dataset, the resulting process 

improvement strategy agreed well with field knowledge.  

Secondly, we presented a novel formulation for identifying critical process parameters (CPPs) 

from observational data using SCM. The causal inference framework was combined with the 

variance-based method to allow process risk quantification using observational data. Through 

a simulation case study, we demonstrated that the proposed framework was able to identify the 

correct CPP, while directly applying sensitivity analysis methods without considering the causal 

structure led to problematic results. 

Future work will include extending the proposed framework to dynamic systems and time-series 

data. Combining causal inference with system identification techniques may allow us to identify 

dynamic control models from observational data. Additionally, the proposed method can be 

integrated into a Bayesian experimental design framework. The first objective of experimental 

design is to explore the design space and maximize the information about the system. The 

second objective is to prioritize the experiments on the variables that are more likely to be CPPs. 

The exploration objective also improves the identification of CPPs.  In future work, a Bayesian 

experimental design framework can combine these two objectives and adaptively balance them 

to suggest the next sampling point.  
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Table 1. Logistic regression of clogging on scrap addition. This table suggests a negative correlation between scrap 

addition and clogging. 

Parameter Coefficient P-value 

Scrap -0.035 0.0474 
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Table 2. Logistic regression of clogging on scrap addition and aluminum addition. This table suggests a positive 

correlation between scrap addition and clogging. 

Parameter Coefficient P-value 

Scrap 0.075 0.0376 

Al 0.233 0.09 
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Table 3. Process parameters of the Van de Vusse reactor for the MPC case study. 

Parameter Value 

𝑘𝑘1 5/6 𝑚𝑚𝑚𝑚𝑚𝑚−1 

𝑘𝑘2 5/3 𝑚𝑚𝑚𝑚𝑚𝑚−1 

𝑘𝑘3 1/6 𝑚𝑚𝑚𝑚𝑚𝑚/(𝑙𝑙 ∙ 𝑚𝑚𝑚𝑚𝑚𝑚) 
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Table 4.  Sensitivity analysis of the surrogate model of the Van de Vusse reactor, trained using observational data. 

Parameter 𝝁𝝁∗(Morris) 𝑺𝑺𝟏𝟏(Sobol) 𝑺𝑺𝑻𝑻(Sobol) 

𝑢𝑢 0.192 0.113 0.127 

𝐶𝐶𝐴𝐴𝑓𝑓 0.515 0.876 0.885 
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Table 5. Potential variance reduction estimated from the observational process data using causal inference, based 

on full knowledge of the underlying causal graph. 

Parameter PVR 

𝑢𝑢 0.034 

𝐶𝐶𝐴𝐴𝑓𝑓 0.024 
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Table 6. Result of manipulating different process variables. The manipulations are determined by the identified CPP, 

where process control is provided to the CPP to reduce the variance in the process output. 

Parameter Process improvement measures 𝑽𝑽(𝑪𝑪𝑩𝑩) 

𝑢𝑢 Flow control (𝑢𝑢 = 2) 0.0254 

𝐶𝐶𝐴𝐴𝑓𝑓 Feed concentration control (𝐶𝐶𝐴𝐴𝑓𝑓 = 15) 0.0354 
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