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Abstract 
 

As material requirements for particular applications become more specific and strict, using a 

targeted approach to design polymeric materials becomes a necessity. Following a general design 

framework prevents researchers from using trial-and-error approaches or shoehorning materials 

into applications for which they are non-optimal. To obtain polymer products with desirable 

properties (both fundamental characteristics and for a specific application), one must always begin 

with an awareness of existing materials and methods. This background knowledge informs 

preliminary design of experiments, which in turn provides insight for additional experiments to 

synthesize (and characterize) optimally designed materials. 

 

A general framework for the design of polymeric materials has been developed in this thesis, and 

the specific aspects are grounded in two independent case studies. These two distinct (yet related) 

case studies have been selected to demonstrate that the framework is not limited to a particular 

industry or application, nor to a specific type of polymeric material. In Case Study #1, water-

soluble terpolymers (and related polymerization kinetics) are investigated for use in polymer 

flooding during enhanced oil recovery (EOR). In contrast, Case Study #2 examines a variety of 

polymeric materials that have the potential to be used for acetone gas sensing (for diabetic 

applications). Both case studies use the same general design framework in a sequential, iterative 

manner to move towards optimally designed materials for each target application. 

 

Polymers are already used in EOR; the most common synthetic material used for polymer flooding 

is partially hydrolyzed polyacrylamide (HPAM). In many cases, polymers for EOR are exposed to 

high temperatures, high shear rates, and high concentrations of salt in the reservoir. The 

shortcomings of HPAM include poor thermal stability, poor shear stability, and poor brine 

compatibility. As a result, HPAM can degrade during EOR, thus lowering molecular weight 

averages and reducing oil recovery efficiency. Therefore, the target for Case Study #1 is to build 

on existing knowledge to improve acrylamide-based polymers for enhanced oil recovery. 

 

Important characteristics of polymeric materials for EOR include good viscosity modification 

(achieved through water solubility, high molecular weight averages and the incorporation of 

carboxylate ions), reasonable chemical stability (achieved by incorporating high levels of amide 

groups into the polymer), and a good distribution of ions along the polymer backbone (that is, a 

targeted sequence length distribution). HPAM (a copolymer of acrylamide (AAm) and acrylic acid 

(AAc)) meets these requirements, but the thermal and shear stability concerns described above 

have not been considered. Therefore, a third comonomer, 2-acrylamido-2-methylpropane sulfonic 

acid (AMPS) can be added to the polymer formulation, as the bulky sulfonic acid groups are 

expected to improve thermal stability and protect the main chain from shear degradation. When a 

multi-component polymer like AMPS/AAm/AAc is being considered for any application, 
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understanding and manipulating ternary reactivity ratios (which are related to both the cumulative 

terpolymer composition and the sequence length distribution) is essential. 

 

Therefore, once the AMPS/AAm/AAc terpolymer is selected for enhanced oil recovery, 

relationships between (experimental) synthesis conditions and polymer properties can be 

researched, verified and exploited. First, a comprehensive study (involving both an examination 

of the literature and a series of designed screening experiments) is performed to establish the effect 

of synthesis conditions (like pH, ionic strength, monomer concentration and feed composition) on 

the terpolymerization kinetics and product terpolymer properties. Deliberate design of screening 

experiments (designed considering the órule-of-thumbô for ternary reactivity ratio estimation) 

makes it possible to establish that the key factors within the experimental range studied are ionic 

strength (which affects cumulative terpolymer composition and sequence length distribution), 

monomer concentration (which affects molecular weight averages) and feed composition (which, 

of course, impacts the cumulative composition of the terpolymer product).  

 

Given the results of the screening experiments, two optimal terpolymers of AMPS/AAm/AAc are 

designed, synthesized, characterized and tested. The designed terpolymers have polymer 

properties that agree with model predictions, but (more importantly) show excellent EOR 

performance. In a series of sand-pack flooding experiments (simulating enhanced oil recovery in 

a reservoir), the designed terpolymers perform much better than reference materials.  The newly 

synthesized terpolymers achieve an overall oil recovery of (on average) 78.0% for one optimal 

material and 88.7% for the second optimal material. In contrast, the commercially available 

reference material allows for an overall oil recovery of 59.8%. Therefore, the design framework 

has allowed us to converge upon optimal terpolymer formulations with excellent EOR application 

performance. 

 

The same general framework is applied to inform the design, synthesis and characterization of 

polymeric sensing materials for acetone detection. Highly concentrated breath acetone 

measurements are correlated with high levels of blood glucose, so detecting acetone gas could be 

useful in a non-invasive breath sensor for diabetic applications. In this case, key design 

considerations (to inform potential backbone selection) include operational temperature (and the 

glass transition temperature of candidate polymeric materials), surface morphology, and the 

chemical behaviour of the target analyte. Solubility parameters, for example, can be used to 

provide insight about the compatibility of the target analyte (acetone) and potential sensing 

materials. For polymeric sensing materials, the most important characteristics are sensitivity and 

selectivity. Sensitivity studies provide information about how well the target analyte sorbs onto 

the polymeric material (that is, whether there is a strong affinity towards acetone), and selectivity 

measures how well the target analyte sorbs in the presence of other interferent gases. 
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After preliminary screening (based on a detailed literature review), three polymer backbones and 

three metal oxide dopants are selected as promising candidates for acetone sensing. Polyaniline, 

polypyrrole and poly(methyl methacrylate) are doped with varying quantities of SnO2, WO3 and 

ZnO nanoparticles. In a series of screening experiments, 30 materials are synthesized and 

evaluated in terms of acetone sorption (using a uniquely designed gas sensing set-up and a highly 

specialized gas chromatograph). The most promising materials are evaluated further, both in terms 

of surface morphology and in terms of selectivity (measurement of acetone sorption in the presence 

of acetaldehyde, ethanol and benzene). In general, pure polyaniline and pure polypyrrole show the 

most promise of the materials studied; poly(methyl methacrylate) does not sorb acetone at all, and 

metal oxide doping (using these dopants and up to 20 wt% doping) does not improve application 

performance. 

 

In the customized experiments, adjustments are made to polymer synthesis steps in an attempt to 

improve the properties of the polymeric sensing materials (especially in terms of selectivity). One 

customization option that is investigated is the acid-doping of polyaniline (synthesis in an aqueous 

oxalic acid solution) to change the backbone charge, thereby taking advantage of the polarity of 

acetone. Another customization option involves the synthesis of copolymers of polyaniline and 

polypyrrole (both in water and in oxalic acid solution) by combining the two monomers in a single 

formulation. Product characterization shows some improvement over the original (screening) 

materials, but further improvement is still possible. Therefore, this target application can continue 

to benefit from sequential, iterative steps towards optimality. 

 

Ultimately, both case studies overlap when the general design framework is considered. An 

awareness of existing materials and methods can inform statistically designed preliminary 

experiments, which eventually lead to optimally designed materials for specific (targeted) 

applications.  The contents of this thesis (especially the two major case studies) and several related 

publications demonstrate that this framework is useful and relevant for design of polymeric 

materials. The effectiveness is visible throughout the research process, but it is especially evident 

in the application performance of the final (optimal) product, along with the flexibility of the 

design approach with respect to expanding into new areas, at the same time by minimizing time 

and effort.  
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Chapter 1. Introduction  
 

1.1 Problem Statement 

 

The wide variety (and subsequent versatility) of available polymeric materials is extremely 

attractive from a design standpoint. Polymers are typically inexpensive (in terms of both materials 

cost and processing cost), lightweight, and have tailorable application properties. As a result, they 

are employed as foams, fibres, films, and bulk molded materials. 

 

The range of polymeric materials available for engineering applications can be overwhelming. 

Technical data are typically available once a material is selected, but how is that initial selection 

made? How can that material be tailored for a specific application? Many scientists and engineers 

use trial-and-error approaches; often the synthesis is the priority, and finding a suitable application 

is an afterthought. In other cases, researchers may have an application in mind, and they try various 

recipes until they are satisfied with the result. However, both of these approaches are ineffective. 

Not only are valuable experimental resources wasted during the trial-and-error stage, but there is 

also no guarantee that the polymer products have been optimized for the specific application. 

 

The overarching motivation for this work is to make full use of available resources and to 

efficiently work towards the identification, synthesis, characterization, and eventual application of 

polymer products with optimal properties. Therefore, the design of materials (through exploring 

structure-property relationships and making use of established design frameworks) is essential. To 

demonstrate the importance (and the potential for success) of using a systematic design (plan) for 

the synthesis of polymeric materials, two related (yet distinct) case studies are considered. Case 

Study #1 uses design principles to improve on existing materials for enhanced oil recovery (EOR), 

while Case Study #2 employs design prescriptions to select optimal polymeric sensing materials 

for gaseous acetone detection.  

 

For the enhanced oil recovery investigation (Case Study #1), the challenge is to design a water-

soluble polymer that performs better than the materials that are currently available. Typically, 

primary oil recovery, which forces the crude oil to the surface as a result of the natural reservoir 

energy, only extracts up to 10% of the total oil in the reservoir. The secondary oil recovery process, 

in which an additional 25% to 30% of the oil is extracted, typically uses water flooding to displace 

the oil [1]. In some cases, up to 75% of the oil remains in the reservoir, even after primary and 

secondary oil recovery has occurred [2]. Thus, there is significant motivation to advance to tertiary 

oil recovery. While tertiary oil recovery is more expensive than the previous stages, it has the 

potential to extract an additional 20% to 30% of the oil. Tertiary oil recovery processes include 

thermal recovery, gas injection, and chemical injection.  
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The chemicals injected during tertiary oil recovery are often polymeric materials; adding small 

quantities of polymeric material to the flood water improves mobility control and ultimately 

improves the efficiency of the oil recovery process. In general, the most widely used synthetic 

polymers for EOR are polyacrylamide and polyacrylamide-based materials (such as hydrolyzed 

polyacrylamide, HPAM). Polyacrylamide-based materials are relatively inexpensive, easily 

obtained, and perform fairly well in EOR applications. Specifically, HPAM is widely used in 

polymer flooding because it provides good control over viscosity and effective permeability. 

However, there is room for improvement when the mechanical and thermal stability of HPAM are 

considered. It would be extremely beneficial (in terms of application performance) to minimize 

shear degradation of the polymer backbone, especially at the high temperatures and high salinities 

characteristic of oil reservoirs. 

 

In Case Study #2, the aim is to detect gaseous acetone. Breath acetone concentration is correlated 

with blood glucose levels, which is especially important for people living with diabetes. If this 

relationship can be exploited, the physiological change could be detected through a simple and 

non-invasive breath test. Therefore, the goal is to design polymeric sensing materials that have the 

properties necessary to detect acetone. The versatility of polymeric materials and the range of 

available options (in terms of polymer backbones) make them a very attractive option for sensing 

applications. Compared to the metals and metal oxides that are typically used as sensing materials, 

polymers are more cost effective, can operate at room temperature, provide better selectivity [3], 

and can easily be customized. Therefore, an opportunity exists here to improve on what is currently 

available for the application, especially using prior knowledge and a framework for designing 

polymeric materials [4, 5]. 

 

1.2 Research Hypotheses 

 

This research aims to pursue several hypotheses, which range from general statements to more 

specific concepts. However, all hypotheses eventually converge to the common focal point of a 

more rational and systematic design of polymeric materials. 

 

(1) Design of polymeric materials (using a targeted approach and exploiting existing knowledge) 

is necessary for the synthesis of polymeric materials with optimized and desirable properties for 

specific applications.  

 

(2) A general design framework (valid for any number of applications) should exist to guide 

researchers in their pursuit of optimal polymeric materials. 

 

(3) Design principles (and, specifically, accurate reactivity ratios for multi-component polymers) 

can be employed to understand and manipulate the properties of synthetic water-soluble polymers 

for enhanced oil recovery.  
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(4) Design prescriptions can be advantageous in the development of polymeric sensing materials, 

especially when prior knowledge exists to inform new investigations. 

 

1.3 Research Objectives 

 

The goal of this thesis is to use statistical design principles to optimize polymeric materials for 

specific applications. There are known connections between polymerization kinetics and polymer 

properties, and between those properties and application requirements/performance. If these links 

are well-understood, it becomes possible to essentially óreverse-engineerô the polymeric material; 

the researcher can start with known application requirements and synthesize polymers with tailor-

made properties using an optimized recipe (according to the polymerization kinetics). 

 

Since the number of applications for polymeric materials is essentially limitless, the current work 

will feature two specific case studies. The first examines water-soluble polymers for viscosity 

modification in enhanced oil recovery (EOR), while the second investigates polymeric sensing 

materials for acetone detection. In the specific research objectives outlined below, items 1 through 

4 relate to Case Study #1 (materials for enhanced oil recovery) and items 5 through 7 relate to 

Case Study #2 (polymeric sensing materials). Item 8 is more general, as it relates to design 

principles applied to polymeric materials and is linked to both case studies. 

 

(1) Identify important attributes of synthetic polymeric materials for improved enhanced oil 

recovery performance. 

 

(2) Research, characterize and exploit relationships between (experimental) synthesis conditions 

and properties of the terpolymer products. 

 

(3) Design, synthesize, characterize and test optimal terpolymers for the enhanced oil recovery 

application. 

 

(4) Demonstrate the importance of statistically correct experimental techniques and subsequent 

analyses, especially as they relate to copolymers and terpolymers. 

 

(5) Identify important attributes of synthetic polymeric materials for gas sensing applications, with 

specific emphasis on acetone sensing for diabetic applications. 

 

(6) Research and characterize relationships between polymeric sensing materials and dopants as 

they relate to analyte sensitivity and selectivity. 

 

(7) Design, synthesize, characterize and test optimal polymers for detection of acetone gas. 
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(8) Demonstrate the advantages of a design framework (considering physicochemical behaviour, 

statistical design principles, and product requirements) for polymer synthesis and application 

performance. 

 

1.4 Thesis Organization 

 

Based on the work conducted throughout this research period, the thesis includes 10 chapters. The 

nature of the project (with two related yet independent case studies) necessitates that the thesis be 

divided into two major (parallel) sections. Chapters 2 through 5 are specific to the enhanced oil 

recovery project (Case Study #1), whereas Chapters 6 through 8 focus on the polymeric sensing 

material project (Case Study #2). Both case studies follow the same general outline, as shown in 

Table 1.1. The two major sections are bookended by chapters that are relevant to both projects; 

Chapter 1, Chapter 9 and Chapter 10 are intended to draw links between the two case studies 

through more general tips on the design of polymeric materials. 

 

Table 1.1: Parallel Case Studies for Thesis Organization 

 Case Study #1:  

Enhanced Oil Recovery 

Case Study #2:  

Polymeric Sensing Materials 

Introduction Chapter 1 

Literature Background Chapter 2 Chapter 6 

Experimental Methodology Chapter 3 Chapter 7 

Results and Discussion Chapter 4 Chapter 8 

óAn Asideô Chapter 5 -- 

Commonalities between 

Case Studies 
Chapter 9 

Overall Conclusions,  

Main Contributions & 

Recommendations 

Chapter 10 

 

Chapter 1 is the introductory chapter. It provides a problem statement (which is three-fold and 

related to design of materials, polymers for enhanced oil recovery, and polymeric sensing materials 

for acetone detection), the research hypothesis and associated objectives. Chapter 1 also provides 

a brief outline of subsequent chapters. 

 

In Chapter 2, background information from the literature is provided for the enhanced oil recovery 

(EOR) project (Case Study #1). The chapter begins with a review of existing EOR methods, but it 

also takes a critical look at the literature in order to identify application requirements (both in terms 

of polymer properties and application-specific performance), establish potential polymer 

backbones, and investigate techniques for product customization (note here the parallelism with 

Chapter 6, to be discussed shortly). Part of the design process is to build on existing knowledge, 

so Section 2.1 provides a comprehensive overview. Because this case study ultimately employs 
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multi-component polymers for the application, Sections 2.2 and 2.3 provide details and examples 

related to multi-component polymerization kinetics (copolymerization and terpolymerization) and 

reactivity ratio estimation (for both binary and ternary systems). Finally, Section 2.4 looks more 

specifically at how properties of the material selected for EOR (the terpolymer of 2-acrylamido-

2-methylpropane sulfonic acid, acrylamide and acrylic acid) can be manipulated. A preliminary 

understanding of formulation effects on the polymerization kinetics is available from the literature 

and is exploited herein.  

 

The experimental methodology (from synthesis to characterization) for the EOR project (Case 

Study #1) is presented in Chapter 3. Two related investigations were performed: a screening study 

and an optimally designed study (based on knowledge acquired from the screening experiments). 

The synthesis procedure was similar for both investigations, and relevant details are provided in 

Section 3.2. In general, polymer properties (characterized as described in Section 3.3) were 

evaluated for the screening experiments and the optimally designed experiments. However, since 

evaluating the application-specific properties involves more rigorous procedures, they were only 

performed for the optimally designed experiments. The techniques employed are explained in 

Section 3.4.   

 

Chapter 4 contains results and related discussion from the enhanced oil recovery project (Case 

Study #1). The chapter is divided into two major sections: Section 4.1 provides all of the results 

that are related to the screening experiments, while Section 4.2 is focused on the optimally 

designed experiments. Since the purpose of the screening experiments was primarily to determine 

the effects of potentially influential factors on the product terpolymer, the effects of pH, ionic 

strength, monomer concentration, and high salt (NaCl) content on the terpolymerization kinetics 

and terpolymer properties are critically evaluated. These results inform the synthesis of custom 

AMPS/AAm/AAc terpolymers, obtained from optimally designed experiments. The selected 

polymerization conditions are justified in Section 4.2.1, and the characteristics of the terpolymer 

products are expounded in the following sections (4.2.2 and 4.2.3).   

 

While this thesis is composed of two parallel case studies, Chapter 5 acts as an óintermissionô 

chapter. The terpolymerization research associated with the enhanced oil recovery project required 

additional investigation, specifically related to ternary reactivity ratio estimation. 

Terpolymerization systems are intrinsically linked to their analogous copolymers, and some 

researchers suggest that binary reactivity ratios (from copolymerization systems) can be used to 

describe ternary systems. Therefore, to elucidate the importance of ternary reactivity ratio 

estimation (and to justify this portion of the research), a direct comparison of binary and ternary 

reactivity ratios became necessary. Our findings are presented in the first half of Chapter 5 (Section 

5.1). The second half of the chapter (Section 5.2) is dedicated to a series of terpolymerization 

troubleshooting tips (again related to ternary reactivity ratio estimation) and describes many of the 

lessons learned over the course of this project through a series of smaller case studies.  
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Chapter 6 marks the beginning of the acetone sensing project (Case Study #2) and has parallel 

features to Chapter 2. Here, background information is provided about existing materials and 

methods for acetone sensing, and application requirements are deduced from the literature. As for 

the first case study, polymer properties and application-specific requirements are considered, 

potential polymer backbones are reviewed, and some common techniques for product 

customization are considered. This chapter also demonstrates how to extend the design process to 

additional volatile organic compounds (here, formaldehyde) and provides a brief introduction to 

sensor arrays. 

 

In Chapter 7, the experimental methodology for Case Study #2 is presented. As before (in Chapter 

3 for Case Study #1), the process involved two phases: a design of experiments for introductory 

tests and a customization phase. The detailed synthesis procedure for each polymer backbone is 

provided in Section 7.2 and characterization techniques are described in Sections 7.3 and 7.4. 

 

Like Chapter 4, the results and discussion shown in Chapter 8 are divided into two related 

sections. In Section 8.1, the preliminary (screening) experiments are evaluated in terms of 

sensitivity and selectivity towards acetone, and select polymer properties are considered to justify 

the results. The conclusions based on these experiments inform the study described in Section 8.2. 

To better appreciate the custom materials, the polymer samples are again characterized in terms of 

polymer properties (namely crystallinity and surface morphology) and application performance.  

 

The purpose of Chapter 9 is to further highlight the parallels between the two main case studies, 

and to bring the focus back to the overarching concept of design of polymeric materials. The 

chapter outlines the design framework that was used for both case studies (based on best practices) 

and describes the process for creating links between polymer properties and application 

performance. Ultimately, the goal is to use foundational knowledge (polymerization kinetics, 

application chemistry, and so on) to manipulate the properties of the product polymer and provide 

desirable properties (and design tips) for a specific application.  

 

Finally, Chapter 10 contains concluding remarks, identifies the main contributions of this work, 

and presents recommendations for future work. 

 

Appendices have also been included in this thesis to provide additional (supplemental) 

information. The four appendices include details regarding terpolymerization kinetics and the 

Alf rey-Goldfinger model (Appendix A), a computational package developed to simplify reactivity 

ratio estimation (developed during this PhD project and described in Scott and Penlidis [6], 

Appendix B), relevant data and sample calculations for Case Study #1 (Appendix C) and the same 

for Case Study #2 (Appendix D).  
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Chapter 2. Literature Background for Case Study #1 ï 

Enhanced Oil Recovery 
 

2.1 Enhanced Oil Recovery 

 

Typically, oil is extracted from reservoirs through a sequence of recovery methods. Although 

specific methods are largely dependent on the properties of the reservoir, the same general 

procedures are generally followed. Primary oil recovery exploits the natural energy of an oil 

reservoir. Oil expansion, expansion of gases within the reservoir, migration of naturally 

pressurized water, or gravitational effects (for high elevation reservoirs) may contribute to the 

natural expulsive forces that promote primary recovery. Primary oil recovery can continue until 

the natural reservoir pressure has been depleted and may be supplemented with pumping. 

However, this primary stage will only be pursued while it is economically reasonable; eventually, 

the primary recovery will not be sufficient to justify the resources being used. 

 

During primary oil recovery, there is loss of most natural reservoir energy. However, a substantial 

volume of crude oil remains in the reservoir (often more than 90% of the original oil in place, 

especially for conventional crude oil) [7]. Thus, when feasible, secondary recovery methods are 

employed immediately after the natural reservoir energy has been exhausted. The objective at this 

stage is to inject a fluid (like water, brine, or natural gas) into the reservoir. Fluid injection 

repressurizes the system (which órevivesô the expulsive forces that are characteristic of primary oil 

recovery) and the fluid injected will sweep through the reservoir (transporting more crude oil 

towards the production well). The combination of increasing pressure and promoting fluid flow 

allows for further oil recovery. Water flooding is the most commonly used secondary oil recovery 

method, but the efficiency is dependent on the reservoir characteristics and oil viscosity. Water 

flooding essentially forces water through the reservoir and ópushesô residual oil with it. However, 

if there is a clear path of least resistance (that is, reservoir segments with better permeability), the 

water will not sweep the whole reservoir. As a result, large volumes of oil are bypassed and remain 

in the reservoir. Similar behaviour is observed when the oil is much more viscous than the water; 

the water will simply flow around the oil that it is meant to displace. When water begins channeling 

through the reservoir (rather than sweeping the full reservoir volume), the production efficiency is 

much reduced. When this occurs (or when secondary methods become uneconomical), tertiary oil 

recovery methods are considered. 

 

Tertiary oil recovery methods are also called enhanced oil recovery (EOR) techniques, and 

supplement the oil recovery achieved in the first two stages. Many different EOR approaches exist, 

but can be divided into three main categories: thermal methods, miscible methods (where whatever 

is injected is miscible with the oil) and chemical flood methods (where the chemicals injected 

promote oil flow towards the production well). The most efficient approach for a particular 
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situation will depend on several factors including reservoir characteristics, crude oil 

characteristics, and economic considerations.  

 

Thermal methods are designed to assist with the removal of heavy and viscous crude oils, as the 

viscosity of oil can decrease significantly when temperature is increased. This allows residual oil 

to flow more easily towards a production well, which improves the recovery efficiency of the 

process. Typically, thermal methods involve the injection of steam or hot water, which 

simultaneously reduces the viscosity and increases the pressure; this acts as a driving force for oil 

production. Alternatively, thermal methods can involve the generation of thermal energy within 

the reservoir via oil combustion. In this case, injected air allows for the ignition of the residual oil, 

which in turn generates heat and produces combustion gases. Thermal methods are the most 

commonly used EOR methods worldwide (producing ~2 million barrels of oil per day) [8], but 

present major challenges including poor sweep efficiency, loss of thermal energy underground, 

poor injectivity of steam, negative environmental impacts, and poor control of in situ combustion 

reactions [7, 9].  

 

Miscible methods, in which the injected fluid dissolves in the crude oil to modify viscosity, are 

also commonly used in EOR. Many fluids including alcohols, carbon dioxide, and petroleum gases 

(containing ethane, propane, butane and/or pentane) have been employed [7], but CO2 injection is 

by far the most common [8]. The advantage of using CO2 is two-fold: the viscosity of the crude 

oil is reduced (therefore oil recovery can occur more easily) and greenhouse gases are consumed. 

To ensure that the CO2 is miscible with oil, the reservoir is usually repressurized (with water) 

before the CO2 injection. Typically, complete miscibility of the CO2 and the oil is only achievable 

when the reservoir temperature and pressure ensure the presence of supercritical CO2. Therefore, 

reservoirs deeper than 2,000 feet are preferable for CO2 flooding [10]. An additional advantage of 

using CO2 for EOR is the fluid behaviour upon exiting the production wells. As the supercritical 

CO2 returns to its gas state, it provides a ógas liftô to enhance the recovery efficiency (as would 

occur during the primary oil recovery stage). That said, the main disadvantage of CO2 injection is 

the viscosity of CO2 under reservoir conditions (0.03 cP to 0.10 cP) compared to viscous crude oil 

(up to 50 cP) [7]. This can result in significant channeling (and reduced recovery) in the reservoir, 

similar to what was described previously as a limitation of water flooding. 

 

The final tertiary recovery method (or EOR method) discussed herein is chemical flooding. 

Chemical EOR uses additives like polymers, alkalis, or surfactants to improve the mobility control 

of the injected water and/or to reduce the interfacial tension between the oil and the reservoir pores. 

Polymer flooding is arguably the most common form of chemical EOR [8] and has been used 

effectively in Chinese oilfields [11, 12]. In Daqing, for example, up to 10% incremental oil 

recovery (and up to 53% overall oil recovery) was achieved using high molecular weight partially 

hydrolyzed polyacrylamide [12]. However, one of the main shortcomings of polymer flooding is 

the instability of materials at high temperature and high salinity conditions that are characteristic 
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of oil reservoirs [13-15]. In spite of this challenge, polymer flooding is still more widely used than 

alkali or surfactant flooding. Alkalis tend to be problematic as they introduce scaling and plugging 

[8], and both alkalis and surfactants become less efficient as they flow through porous media due 

to adsorption effects [15]. 

 

Polymer flooding is of particular interest because it is a developing field that still has significant 

room for improvement. As natural resources are being consumed, it is more important than ever 

to focus on overall (long-term) oil recovery rather than óeasyô (immediate) oil recovery. Therefore, 

it is worth investing in materials (such as optimally designed polymers) that will promote 

maximum oil recovery. In order to design new polymeric materials for enhanced oil recovery, a 

good understanding of the technique and the application requirements is essential. Taking 

advantage of prior knowledge will assist with identifying potential polymer backbones and can 

influence product customization. This will be described in what follows. 

 

2.1.1 Existing Materials and Methods  

 

During polymer flooding, a dilute aqueous polymer solution is slowly injected into the reservoir, 

which forces residual oil out of the reservoir and into a production well (see Figure 2.1). The 

viscosity increase (compared to regular water flooding) and the properties of the polymeric 

material ensure that channeling (that is, finding the path of least resistance) through the reservoir 

is minimal. Thus, more of the reservoir is exposed to the displacing fluid and less oil is left behind. 

 

 
Figure 2.1: Simplified Schematic of Polymer Flooding Process for Enhanced Oil Recovery  

 

Two main classes of polymeric materials are used in EOR: synthetic polymers and biopolymers. 

The most widely used synthetic polymer for polymer flooding is partially hydrolyzed 

polyacrylamide (HPAM), which is a linear water-soluble polymer. It can either be synthesized 

through the copolymerization of acrylamide and acrylic acid (or sodium acrylate) or by partially 

hydrolyzing polyacrylamide (that is, converting amide groups to carboxyl groups). HPAM is 

inexpensive, readily soluble in water, and provides good mobility control. Also, the anions on the 

carboxyl groups promote polyelectrolyte behaviour, which increases viscosity and decreases 
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adsorption within the reservoir. The oil recovery efficiency of a particular polymer is typically 

dependent on the degree of hydrolysis (which typically ranges from 15% to 35% [15]) as well as 

the molecular weight (which can be varied up to about 30×106 g/mol, as reported by [16]). 

 

However, as mentioned already in Chapter 1 (Section 1.1), HPAM is known to be shear sensitive 

at high temperatures and high salinities. If the polymeric material begins to degrade, the viscosity 

modification effects are reduced, as is the EOR efficiency. As a result, other synthetic polymers, 

many of which are derivatives of polyacrylamide, have also been considered for polymer flooding 

[17]. These include branched polyacrylamide [18, 19] and N,N-dimethyl acrylamide [20], as well 

as acrylamide-based copolymers containing 2-acrylamido-2-methylpropane sulfonic acid [20-23], 

n-vinyl pyrrolidone [21], and others. These types of materials have been studied in great detail, so 

only an overview of polyacrylamide-based materials for polymer flooding is presented herein. 

Many investigations synthesize new materials that show desirable properties for the EOR 

application, but EOR testing is not pursued. Similarly, many large-scale projects use proprietary 

materials with unknown characteristics. Polymer properties and resulting performance (including 

incremental oil recovery) available from recent studies are listed in Table 2.1. Also, an informative 

figure showing the incremental oil recovery of known polymer flooding projects (both pilot and 

large-scale applications) has been compiled by Sheng et al. [24]; this is provided in Figure 2.2. 

 

 
Figure 2.2: Incremental Oil Recovery vs. Amount of Polymer Injected  

(where PV represents Pore Volume; from [24]) 
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Table 2.1: Polyacrylamide-Based Materials for Polymer Flooding EOR 

Ref. Polymeric Material Polymer Properties Polymer Performance 

[20, 

23] 

AAm copolymers 

and NNDAM 

copolymers with 

AAc or AMPS 

Ὂ  or Ὂ  ~ 0.60; 

Ὂ  or Ὂ  ~ 0.40 

¶ NNDAM/AMPS had superior 

brine compatibility, shear 

stability, and thermal stability 

¶ Flooding with NNDAM/AMPS 

allowed for incremental oil 

recovery up to ~11% (using 

2000 ppm polymer solution) 

[25] 

 

AAm/AMPS/VN 

terpolymer 
Ὂ 0ͯ.89; Ὂ 0ͯ.10 (low 

concentrations of VN); low MW  

¶ Experimental evidence of 

temperature-thickening, 

pseudoplastic behaviour, anti-

shearing behaviour and brine 

compatibility 

[21] AAm copolymers 

with AAc, AMPS or 

NVP 

AAm/AAc copolymer: 

Ὂ 0ͯ.72;  

MW = 18.5×106 g/mol 

Ὂ 0ͯ.67;  

MW = 12×106 g/mol 

 

AAm/AMPS copolymers: 

Ὂ 0ͯ.95; MW = 6×106 g/mol 

Ὂ 0ͯ.75; MW = 8×106 g/mol 

 

AAm/NVP copolymer: 

 Ὂ 0ͯ.50;  

MW = 6-8×106 g/mol 

¶ Higher molecular weight 

polymers were more shear 

sensitive 

¶ AAm/AMPS had highest shear 

stability (larger AMPS 

proportion improved shear 

stability) 

¶ AAm/NVP and AAm/AAc had 

similar shear stability (not as 

good as AAm/AMPS, but better 

than PAAm) 

[26] AAm/AMPS 

copolymer (AN125)  

MW = 12×106 g/mol ¶ 0.2 wt% polymer solution in 

seawater exhibited RRF values 

up to 2.2; no plugging observed 

[27] HPAM and 

AAm/AAc/NAE 

terpolymer 

HPAM: 

MW = 5×106 g/mol 

 

AAm/AAc/NAE terpolymer  

synthesis conditions: [AAm] = 

16wt%, [AAc] = 4wt%, 

[NAE] = 0.3wt% (balance water) 

Incremental oil recovery from 1 g/L 

polymer solution (in brine at 65°C): 

¶ HPAM: 4% 

¶ Terpolymer: 7.6% 

[18] PAAm with 

controlled molecular 

architectures 

Linear, star, and comb structures; 

MW ranging from 2.8×104 g/mol 

to 5.9×105 g/mol 

¶ Molecular architecture impacts 

polymer solution viscosity 

¶ Comb-like structures have 

higher viscosity and more 

elasticity than linear or star-like 

equivalents 
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[28] AAm/SAM/NABI 

terpolymer 

AAm/NABI copolymer 

sulfonated with HCHO and 

NaHSO3; Ὂ 0.95 

¶ Incremental oil recovery up to 

10.6% in brine at 60°C (using 7 

g/L polymer solution) 

[29, 

30] 

Crosslinked 

AAm/DBSV 

copolymer  

MW = 1.2×106 g/mol 

 

¶ Incremental oil recovery up to 

20.8% (using 2 g/L polymer 

solution) 

[19] Salt-resistant 

HPAM derivatives 

with modified 

molecular 

architecture 

Comb-shaped, branched, star-

shaped and hydrophobic 

associating polymers 

 

Degree of hydrolysis ~25%; 

MW ranging from 10×106 g/mol 

to 25×106 g/mol 

¶ Modified polymers have better 

salt tolerance (viscosifying 

ability, long term stability, flow 

properties) than linear HPAM 

¶ Some materials have been used 

in EOR, but results are not 

reported 

[14] HPAM and 

proprietary 

hydrophobically 

modified AAm-

based copolymer 

HPAM:  

Degree of hydrolysis = 5% 

MW = 8×106 g/mol 

 

Proprietary copolymer:  

MW = 6×106 g/mol 

 

¶ Improved performance for 

proprietary copolymer over 

HPAM (more elastic properties, 

reformability, high mobility 

control) 

¶ Significant polymer retention in 

sand-pack tests (RRF = 165) 

[31] PAAm and  

AAm/AH 

copolymer 

PAAm: 

MW = 5.0×106 g/mol 

 

AAm/AH copolymer: 

Ὂ 0ͯ.66;  

MW = 5.6×106 g/mol 

¶ Incremental oil recovery up to 

20.0% with 2000 ppm 

copolymer solution in water (at 

30°C); achieved 18.7% in brine 

(at 80°C) 

¶ Incremental oil recovery up to 

18.8% with 2000 ppm PAAm 

solution in water (at 30°C); only 

11.8% in brine (at 80°C) 

[32] 

 

AAm/AAc 

copolymer (HPAM) 
Polymer 1: Ὂ  0.67;  

MW = 6.0×106 g/mol 

 

Polymer 2: Ὂ  0.93; 

MW = 4.5×106 g/mol 

 

Commercial HPAM:  

Ὂ  0.92; 

MW = 4.0×106 g/mol 

Incremental recovery from 1wt% 

polymer solution: 

¶ Polymer 1: 20.11% 

¶ Polymer 2: 29.68%  

¶ Commercial HPAM: 15.07% 

[33] Hydrophobically 

associating HPAM-

based water-soluble 

polymer 

AAm-rich multi-component 

polymer containing functional 

monomers (ACMO, HDDE, 

AMPS, IBOMA) 

¶ Experimental evidence of heat 

resistance, salt tolerance, and 

good antimicrobial degradation 

performance 
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AAc = acrylic acid; AAm = acrylamide; ACMO = N-acryloyl morpholine; AH = acryloyl hydrazide; 

AMPS = 2-acrylamido-2-methylpropane sulfonic acid; DBSV = 4-dodecyl-benzenesulfonate-1-

vinylimidazol-3-ium-divinyl sulfone; HDDE = N,Nô-((2-hydroxy-4,5-dimethyl benzene-1,3-diyl) 

dimethanediyl) bisprop-2-enamide; IBOMA = isobornyl methacrylate; NABI = NȤallylbenzamide; 

NAE = NȤallyloctadecȤ9Ȥenamide; NNDAM = N,N-dimethyl acrylamide; NVP = n-vinyl pyrrolidone; 

PAAm = polyacrylamide; SAM = sodium (acrylamido) methanesulfonate; VN = 2-vinylnaphthalene 

 

Many researchers have also considered combining polymer flooding with other chemical flooding 

techniques (for example, alkaline-surfactant-polymer (ASP) flooding), but those processes are 

beyond the scope of this work; detailed reviews have been conducted recently [34, 35]. 

Nevertheless, many of the polyacrylamide-based materials described in Table 2.1 could, in theory, 

be used in combination with alkalis and/or surfactants to further increase incremental oil recovery. 

 

Alternatively, the most common (natural) biopolymer for enhanced oil recovery is xanthan gum. 

Xanthan gum is less shear sensitive and more brine compatible than HPAM, but does not increase 

the viscosity to the same extent (and is therefore less efficient than HPAM). Several reviews of 

biopolymers that have been investigated for EOR applications have been compiled recently 

(including [15, 36]), and key points are summarized in Table 2.2. 

 

Table 2.2: Potential Biopolymers for Polymer Flooding EOR (adapted from [15]) 

Biopolymer Advantages Disadvantages 

Carboxymethylcellulose ¶ Environmentally friendly 

¶ Water-soluble 

¶ Oxidative decomposition 

¶ Thermal degradation 

Cellulose ¶ Thermal stability 

¶ Shear stability 

¶ Not water-soluble 

¶ Heterogeneous swelling 

Guar Gum ¶ Environmentally friendly 

¶ Good salt compatibility 

¶ Potential for plugging 

¶ Thermal degradation 

¶ Weak elasticity 

Hydroxyethylcellulose ¶ Water-soluble 

¶ Thermal stability 

¶ Shear stability 

¶ Good viscosity modification 

¶ Biodegradation 

Lignin ¶ Environmentally friendly 

¶ Low cost 

¶ Not water-soluble 

¶ Biodegradation 

¶ Oxidative decomposition 

Schizophyllan ¶ Thermal stability 

¶ Good salt compatibility 

¶ Good viscosity modification 

¶ Non-toxic 

¶ Biodegradation 
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Scleroglucan ¶ Thermal stability 

¶ Shear stability 

¶ Good viscosity modification 

¶ Biodegradation 

¶ Oxidative decomposition 

¶ Poor filterability of material 

in porous media 

Welan Gum ¶ Long-term stability 

¶ Good viscoelastic properties 

¶ Affected by inorganic 

cations in reservoir 

Xanthan Gum ¶ Thermal stability 

¶ Shear stability 

¶ Good salt compatibility 

¶ Long-term stability 

¶ Biodegradation 

¶ Oxidative decomposition 

¶ Potential for plugging 

 

2.1.2 Application Requirements 

 

Since enhanced oil recovery has been studied in great detail, there is already a lot of information 

in the literature about current best practices. However, there are some general application 

requirements that must still be considered as part of the design process. It may seem evident, but 

one of the most important requirements for polymer flooding materials is that the polymer is water-

soluble. As mentioned previously, the two most widely used polymers for enhanced oil recovery 

are HPAM and xanthan gum, both of which meet this requirement.  

 

While water-soluble polymers come from a variety of sources, the current work focuses on 

synthetic polymers. This makes it possible to examine the design process from the initial synthesis 

(and recipe optimization) to applications, rather than modifying a pre-existing polymer. Free-

radical polymerization is the primary synthesis technique, mainly due to its simplicity and 

versatility. 

 

The application requirements for polymer flooding materials can be divided into two subsections: 

polymer properties and application-specific properties. Ultimately, to achieve desirable 

application-specific properties, one must first be able to understand and control the 

(microstructural and bulk) polymer properties. Therefore, they will be discussed separately.  

 

2.1.2.1 Polymer Properties  

 

A polymerôs ability to increase the aqueous solution viscosity depends largely on the 

hydrodynamic volume of said polymer. The hydrodynamic volume, in turn, is influenced by the 

polymerôs conformational rigidity and its molecular weight [37]. Therefore, the key properties for 

designing polymers for EOR are chemical composition (especially for multi-component 

polymers), sequence length distribution, and molecular weights.  

 

One must first establish the reactivity ratios for the system to predict polymer composition and the 

resulting polymer microstructure. Reactivity ratios provide information about the degree of 
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incorporation of each comonomer into the resulting polymer and can be estimated by applying the 

error-in-variables method to experimental data (namely, conversion, initial composition and 

cumulative copolymer composition). The importance of using appropriate estimation techniques 

has been strongly emphasized in previous work; specific details about reactivity ratio estimation 

for binary and ternary polymerization systems can be found in recent work by Scott and Penlidis 

[38], and are also discussed in Section 2.3 of this thesis. 

 

A significant advantage of using multi-component polymers (that is, copolymers or terpolymers) 

in EOR is the ability to tailor the product for the application requirements. Copolymers can 

incorporate the desirable properties of several components simultaneously, which ultimately 

improves the overall performance of the polymer [39]. The proportions of comonomers to be 

included in the recipe can be selected based on the expected degree of incorporation (that is, 

reactivity ratio estimates) and the known properties of their specific end groups. For example, high 

levels of amide (CONH2) groups are known to increase stability, while high levels of carboxylate 

ions (COO-) will increase viscosity and decrease adsorption in the reservoir [22]. These behaviours 

are related not only to the functional groups, but also to their charges; this will be discussed further 

during the óBackbone Selectionô step in Section 2.1.3. 

 

Knowledge of the terpolymerization reactivity ratios also provides information about the 

terpolymer microstructure, namely sequence length distribution and triad fractions. In some cases, 

two copolymers may have the same cumulative composition, but the distribution of the 

comonomers (and therefore functional groups) along the polymer backbone may differ. The 

structure of the copolymer (block, alternating, random, etc.) affects its viscoelastic properties 

(consider chain flexibility, for example), and will also affect the charge density in polyelectrolytes. 

For enhanced oil recovery, the microstructure can significantly affect the conformation of polymer 

chains in solution (that is, coiling or uncoiling). Since conformation affects the solution viscosity 

and EOR sweep efficiency, the distribution of the acidic comonomers is an important design 

consideration. 

 

Sequence length distribution can be evaluated using probability functions, given the reactivity 

ratios and the composition of the polymerizing mixture [40]. For the copolymer case, the mole 

fraction (Ni) of monomer i sequences of length l can be calculated according to Equation 2.1: 

ὔ ὰ ὴ ὴ ὴ ρ ὴ  2.1 

Where pij represents the probability that a growing radical ending with unit i adds monomer j (and 

is presented in Equations 2.2 and 2.3). 
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The three-component case is presented in Equations 2.4 through 2.6, but the concept can be 

extended to any number of comonomers.  
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2.6 

 

Alternatively, polymer microstructure can be quantified using instantaneous triad fractions, Aijk. 

These values are also statistically based and can be calculated as a function of feed composition, 

given the associated reactivity ratios (see Equations 2.7 through 2.9). Note that only the i-centered 

triads are presented in the equations, but that the expressions can easily be extended to j-centered 

triads (thus, there are 6 possible triad fractions for the copolymer system).  

ὃ ὴ
ὶὪ
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2.7 
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2.8 
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2.9 

 

As expected, multi-component polymers are more complex, but the triad fractions can still be 

estimated from reactivity ratios. As an example, there are 18 possible triad fractions for the 

terpolymer case. The probability functions defined in Equations 2.10 through 2.15 must be used 

to ensure that all three comonomers are taken into account. Again, only the i-centered triads are 

presented herein, with obvious extensions to the j- and k-centered triads. 
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The cumulative triad fractions, ὃӶ, are perhaps more useful, as they characterize the final 

polymer product as a function of conversion, X (given the initial feed composition and reactivity 

ratios); the relevant equation is shown in Equation 2.16.  

ὨὢὃӶ
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ὃ  
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While these calculations are theoretical in nature, previous research has shown promising 

agreement between predicted triad fractions and experimental results from 13C NMR [41]. 

 

High molecular weight polymers increase the solution viscosity and the permeability reduction 

factor (that is, the ability for EOR polymers to adsorb onto the porous well walls, reducing 

channeling effects and increasing sweep efficiency). This means that high molecular weight 

polymers allow more of the reservoir to be exposed to the displacing fluid and less oil is left behind 

[22]. The increased viscosity and permeability reduction factor both increase the oil recovery 

factor (compared to the same amount of a lower molecular weight polymer), which means that a 

high molecular weight polymer solution requires less polymeric material to achieve a designated 

recovery factor. The advantage of using less polymeric material in the EOR process is evident, 

both in terms of environmental and economic implications. 

 

If the molecular weights are too high, there will be additional complications associated with the 

EOR application. One of the major issues is the potential degradation of the polymer, as high 

molecular weight chains tend to be more shear sensitive (especially in typical EOR conditions). 

Another concern is that the viscosity of the polymer flooding solution may end up being too high; 

this could lead to problems with reduced injectivity (where injectivity is the ratio between injection 

rate and pressure drop) and slower fluid throughput in the reservoir (largely due to plugging) [42]. 

 

Therefore, molecular weight control is important during the design and synthesis of EOR 

polymers. In free radical polymerization, the molecular weight can be controlled through careful 

selection of monomer concentration and feed composition (in the multi-component case); these 

techniques will be discussed further in Section 2.4. Most researchers studying acrylamide-based 

polymers for enhanced oil recovery agree that a target molecular weight on the order of 106 g/mol 

is appropriate [21, 32, 43]. 
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2.1.2.2 Application-Specific Properties 

 

Good control over the polymer properties is essential, especially since they are expected to have a 

significant effect on the application performance. Quantitative structure-property relationships will 

be pursued throughout this study, but the specific application requirements must first be 

understood. For the sake of discussion, these requirements will be presented in terms of flow 

behaviour, polymer stability and EOR performance.  

 

The flow behaviour in enhanced oil recovery is characterized using a mobility ratio, M (see 

Equation 2.17). Ideally, the mobility ratio, which compares the displaced fluid (oil) to the 

displacing fluid (water), should be less than unity. 

ὓ
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2.17 

Where ɚ represents mobility, k represents effective permeability, and ɛ represents viscosity for w, 

water and o, oil.  

 

Typically, lower mobility ratios lead to better EOR efficiency. Adding polymeric material to the 

flood water has significant potential to decrease the mobility ratio, as the polymer will increase the 

flood water viscosity (ɛw) and reduce the effective permeability (kw). Effective permeability is 

reduced as EOR polymers tend to adsorb onto the porous well walls, which ultimately reduces 

channeling effects and increases sweep efficiency. That is, more of the reservoir is exposed to the 

displacing fluid, and less oil is left behind, as demonstrated in Figure 2.3. 

 
Figure 2.3: Comparison of Sweep Efficiency in (a) Water Flooding and (b) Polymer Flooding [22] 

 

Depending on the polymer being used, the flow behaviour can be significantly influenced by the 

application conditions. For example, the effects of polymer concentration, salinity, pH, and 

temperature on polyacrylamide flow behaviour have been reported recently [44]. As expected, 
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increased polymer concentration decreases the mobility ratio (and therefore increases efficiency), 

as it alters the viscosity and the permeability of the polymer flood water. Salinity also has a 

significant impact on the flow behaviour, for two main reasons: first, some EOR polymers 

precipitate in high salinity reservoirs, and second, the dissolved salts affect the polymer chain 

conformation (due to charge effects) [41]. Thus, brine compatibility must be considered when the 

EOR polymer is being designed.  

 

Polymer stability (mechanical, chemical, etc.) is also an important consideration in EOR, as the 

polymer-containing flood water is often subjected to hostile conditions. One of the biggest 

mechanical concerns, especially for acrylamide-based polymers, is the shear stability of the 

material; the polymer is typically exposed to high flow rates (and therefore high shear stresses), 

which is known to cause backbone degradation. This ultimately reduces the molecular weight of 

the polymer, which in turn reduces the viscosity (and efficiency) of the polymer flood water.  

 

The chemical stability of the application polymer should also be considered, as there may be short-

term (contaminant) and long-term (hydrolysis) concerns. In the short-term, polymers may be 

susceptible to redox reactions in the presence of contaminants, like oxygen or iron, which lead to 

viscosity loss [22]. These issues are typically addressed during the polymer flooding stage. 

However, the long-term concerns should be considered as the material is being designed. The oil 

reservoir may be at a high temperature level, which is known to lead to hydrolysis. A study 

performed by Ryles [13] showed that high temperatures lead to faster and more severe polymer 

degradation (in both synthetic and bio-based EOR polymers). As shown in Figure 2.4, the majority 

of oil fields are below 120°C, but polymer materials for enhanced oil recovery should be stable 

until at least 200°C [45]. 

 

 
Figure 2.4: Temperature Distribution of Global Oil Fields (as of 1998) [45] 
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Finally, perhaps the most important application requirement is the EOR performance. The main 

goal for an EOR polymer is to maximize the amount of heavy oil recovery, while also taking 

environmental and financial considerations into account. This requires some level of optimization; 

injecting more polymer into the well (that is, increasing the polymer concentration in the flood 

water) will increase operating costs, but will likely increase the heavy oil recovery. 

 

The tailor-made polymer should manipulate polymer properties to ensure good flow behaviour 

and satisfactory stability, so that the oil recovery process can be as efficient as possible. The 

original oil in place (OOIP) recovered during polymer flooding can be determined using sand-pack 

flooding experiments (to be discussed in Section 3.4.2), and is defined as the ratio between the 

volume of oil that has been recovered over the original amount of oil in the sand-pack (reservoir 

equivalent). 

 

2.1.3 Backbone Selection 

 

According to Ashby and Johnson [46], design materials may be selected by analysis, synthesis, 

similarity and/or inspiration. In the case of selecting a backbone for an optimized EOR polymer, 

the first three selection methods are relevant. However, the key here is selection by similarity. As 

mentioned previously, there are already many synthetic polymers employed in enhanced oil 

recovery, so these can act as a starting point for the design process. 

 

The most widely used synthetic polymer for EOR is polyacrylamide (and other acrylamide-based 

polymers). Polyacrylamide and its derivatives are widely available, relatively inexpensive, and 

perform fairly well in EOR applications. However, polyacrylamide has a positive charge in acidic 

conditions, so partially hydrolyzed polyacrylamide (HPAM) is often preferred. Since HPAM loses 

some of the amide groups during hydrolysis, partially hydrolyzed polyacrylamide is essentially a 

copolymer of acrylamide and acrylic acid. Not only does the incorporation of the acrylic acid 

comonomer improve the electrostatic properties of the polymer, but the addition of the carboxylate 

groups also increases the solution viscosity.  

 

As outlined in Section 2.1.2, the EOR polymer should be designed with certain properties in mind; 

this is where Ashbyôs selection by analysis becomes relevant. For the application, the polymer 

should have good flow behaviour (consider viscosity and effective permeability) and reasonable 

stability, which lead to excellent oil recovery properties. These requirements are linked to the 

polymer properties in Figure 2.5. 
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Figure 2.5: Linking Application Requirements to Polymer Properties 

 

From Figure 2.5, it is clear that good control over viscosity, effective permeability, and chemical 

stability can be obtained with a tailor-made copolymer of acrylamide and acrylic acid. However, 

the missing component is the mechanical stability; it is important to minimize shear degradation 

by increasing the chain rigidity. Thus, a third component must be considered for the backbone: 

one that is compatible with the other application requirements, but that will also protect the 

polymer backbone from shear degradation. 

 

Two comonomers have been considered: 2-acrylamido-2-methylpropane sulfonic acid (AMPS) 

and n-vinyl-pyrrolidone (NVP). However, since NVP has very poor additivity with acrylamide 

and acrylic acid, AMPS seems to be the better choice. Previously, it has been suggested that the 

bulky sulfonic acid group will protect the main chain (due to steric hindrance) and increase 

viscosity [20, 21]; also, strong hydrogen bonding will increase the polymerôs solubility in water. 

Recent studies have also shown that copolymers containing AMPS are more stable in conditions 

of high temperature and high salinity [20, 47]. 

 

Several groups have recently become interested in the terpolymer of AMPS with acrylamide 

(AAm) and acrylic acid (AAc) [21, 48-51]. However, the polymerization kinetics are often 

ignored; the primary focus tends to be on synthesis, characterization, and potential applications for 

this terpolymer. As mentioned previously, the characteristics (and application requirements) of the 

EOR polymer can be directly related to its microstructure. Therefore, it is important to have a clear 

understanding of the terpolymerization kinetics. Since this information is not available in the 

literature, reliable reactivity ratios for this AMPS/AAm/AAc system will be determined 

experimentally as part of this research. 

Heavy Oil 
Recovery

Flow Behaviour

Viscosity

Water Solubility

Molecular Weight

Composition 
(COO-)

Effective 
Permeability

Composition 
(COO- and NH2)

Structure (Charge 
Distribution)

Stability

Mechanical
Structure (Chain 

Rigidity)

Chemical
Composition (C-C 
Backbone, NH2)



22 

 

 

2.1.4 Product Customization 

 

The key application requirements, both in terms of polymer properties and application-specific 

properties have been outlined in the previous sections. Now, it becomes necessary to understand 

how experimental conditions (that is, the pre-polymerization recipe) can be used to control the 

polymer product. The polymer properties (polymer composition, sequence length distribution and 

molecular weight) can all be optimized by selecting optimal reaction conditions. The most 

influential variables, herein called the ódesign variablesô, are pH, ionic strength, monomer 

concentration and feed composition [41]. The first three design variables are known to affect the 

reactivity ratios (which in turn affect polymer composition and sequence length distribution). 

Additionally, molecular weight can typically be controlled with monomer concentration and feed 

composition.  

 

Once these relationships are established, there is significant potential to tailor kinetics (and, 

subsequently, to achieve the required polymer properties) by selecting optimal reaction conditions. 

A good understanding of the terpolymerization kinetics of AMPS/AAm/AAc is essential to 

designing optimal materials for enhanced oil recovery, so a more detailed review of the literature 

(especially in terms of how these design variables affect the product terpolymer) is presented in 

Section 2.4. Then, quantitative relationships can be developed through chemical understanding, 

statistical design of experiments, and relevant analysis of results. These will be discussed in what 

follows. 

 

2.2 Kinetics of Free Radical Polymerization 

 

Many polymers, including some of the polymeric systems investigated herein, are produced via 

free radical polymerization (FRP). FRP is a type of chain polymerization which involves four main 

steps: initiation, propagation, chain transfer and termination. 

 

The kinetics of free radical polymerization are well understood, and standard equations are readily 

available to provide information about polymerization rate [52]. The overall rate of 

polymerization, Rp, describes the rate of consumption of monomer (- d[M]/dt), with the majority 

of the monomer molecules consumed in the propagation step (long chain approximation).  

                                         Ὑ Ὧ ὓ Ὑᶶ Ὧ ὓ
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Where f = initiator efficiency, kd = initiator decomposition rate constant (very sensitive to 

temperature), kp = propagation rate constant (also sensitive to temperature), kt = overall termination 

rate constant, [M] = monomer concentration, [Ὑᶶ] = total free radical concentration, Ri = rate of 

initiation, Rp = rate of polymerization, and [I] = initiator concentration.  
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A good understanding of free radical polymerization kinetics has the potential to be used to control 

synthesis reactions for specific applications. Kinetics can be directly linked to design, especially 

for copolymerizations (Section 2.2.1) and terpolymerizations (Section 2.2.2). 

 

2.2.1 Free Radical Copolymerization 

 

2.2.1.1 Terminal Model 

 

When two comonomers are included within a single recipe, the kinetics become more complex. 

The typically used terminal model assumes that the reactivity of the propagating radical only 

depends on the terminal monomer unit (that is, the radical at the reactive end of the propagating 

chain) [53].  

 

The terminal model assumes that there are four possible propagation reactions:  

ͯͯ ὓᶶ ὓ            ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ            ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ 

Figure 2.6: Terminal Model for Free-Radical Copolymerization 

 

In this series of reactions, ὓᶶ represents a radical species with monomer i at the chain end (i = 1, 

2). Similarly, Mj represents monomer j that is being added to the chain end (j = 1, 2). Each of the 

four reactions has a rate constant, kij (radical i adding monomer j).  

 

Two parameters, monomer reactivity ratios (r1 and r2), can be used to describe the potential for 

homopropagation relative to the potential for cross-propagation.  
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Reactivity ratios can be estimated using experimental data and a copolymerization model, if the 

unreacted monomer composition in the polymerizing mixture and the copolymer composition are 

known. Techniques used for reactivity ratio estimation will be discussed in Section 2.3 

 

The Mayo-Lewis equation, also called the instantaneous copolymer composition equation, is the 

most widely used copolymerization model. Two forms of this classical equation are shown below. 

Equation 2.20 is the differential form of the model, which is written in terms of monomer 

concentration in the polymerizing mixture ([Mi]). This assumes constant volume, which may not 

always be an accurate assumption.  
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Equation 2.21 can be used to determine the instantaneous mole fraction of monomer 1 incorporated 

into the copolymer (F1) given the comonomer composition in the polymerizing mixture (as mole 

fractions, fi). It is important to note that the Mayo-Lewis equation provides the instantaneous 

copolymer composition, which means that the model is only applicable for low conversion data 

(typically <5%, where composition drift is minimal). 
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In order to analyze polymerization data for medium or high conversion levels, a cumulative form 

of the copolymer composition model becomes necessary. Two cumulative composition models 

(one derived using numerical integration and one derived using analytical integration) are 

available. 

 

Direct numerical integration (DNI) requires solving an instantaneous mole balance and a 

cumulative mole balance (after reaching a certain conversion level, Xn) simultaneously [54]. The 

instantaneous mole balance (Equation 2.22), is an ordinary differential equation, for which fi can 

be found at any conversion level if reactor volume is constant (initial conditions f1 = f1,0 at Xn = 0). 

The cumulative mole balance at Xn gives the well-known Skeist equation, which is shown in 

Equation 2.23. 
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DNI employs a direct approach and does not rely on model transformations or other potentially 

restrictive assumptions. This is a significant advantage over other copolymerization models, 

including the analytical integration technique discussed next.  

 

Analytical integration of the Mayo-Lewis model (Equation 2.21) results in the Meyer-Lowry 

model (Equation 2.24), which is applicable for low to medium conversion levels (up to 20-40%) 

[55]. However, since Xn cannot be measured directly during experimentation, a rearranged version 

of the Skeist equation (Equation 2.23) is used to express conversion as a function of feed 

composition (f1) and cumulative copolymer composition (Ὂ). 
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Where  ‌ ;      ‍ ;      ‎ ‏      ;   
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It is important to note that molar conversion (Xn) is used in Equations 2.22 through 2.24, but that 

mass conversion (Xw) is typically measured experimentally. Molar conversion and mass 

conversion can be related using monomer molecular weights, as shown in Equation 2.25. 
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Where MW1 and MW2 are the molecular weights of monomer 1 and monomer 2, respectively. 

 

An additional point of interest in copolymerization kinetics is establishing the azeotropic 

composition (if it exists) for the system. At the azeotropic point, the feed composition (f1) and the 

instantaneous copolymer composition (F1) are equivalent. If the reactivity ratios are known, the 

instantaneous copolymerization equation (Equation 2.21) can be used to examine F1 as a function 

of f1 and to establish the azeotropic point. By setting F1 = f1, Equation 2.21 can be simplified, as 

shown in Equation 2.26. 
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2.2.2 Free Radical Terpolymerization 

 

Terpolymerization systems (and multi-component polymerizations in general) are part of an 

interesting and growing area of research, since there are countless combinations of monomers to 

be discovered. However, because of the wide range of possibilities, terpolymerization systems 

have not been studied as thoroughly as copolymerization systems. 

 

2.2.2.1 Traditional Alfrey-Goldfinger Model 

 

The kinetics of terpolymerization systems were first described by Alfrey and Goldfinger [56]. 

Given that there are three different possibilities for the terminal monomer (on the growing radical), 

and three options for the added monomer, nine different propagation steps are possible according 

to the terminal model: 

ͯͯ ὓᶶ ὓ            ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ            ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ 
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ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ 

ͯͯ ὓᶶ ὓ           ͯ ὓͯ ὓᶶ  
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Based on these propagation steps, Equations 2.27, 2.28 and 2.29 can be written in a form that is 

equivalent to the Mayo-Lewis equation (Equation 2.20), modified for a three-component system. 

The derivation is provided in Appendix A, Section A.1. 
Ⱦ Ⱦ Ⱦ
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As before, [Mi] represents the concentration of monomer i (i = 1, 2, 3) in the system, and the r ij 

values represent (binary) monomer reactivity ratios. In this case (given nine propagation steps), 

there are 6 unique reactivity ratios which can be estimated simultaneously given sufficient 

terpolymerization data. The estimation of these ternary reactivity ratios will be discussed further 

in Section 2.3. 
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Again, these equations can be rearranged to form expressions for instantaneous terpolymer 

composition (Fi) as a function of unreacted monomer mole fractions in the feed (fi) (in a way 

analogous to Equation 2.21 for copolymerization). Typically, this form of the Alfrey-Goldfinger 

model uses ratios of mole fractions (i.e. Fi/Fj) as responses (see Appendix A). However, 

measurements taken from experimental work are typically single mole fractions, not ratios, which 

means that evaluating Fi/Fj results in lost information and a distorted error structure. 

 

2.2.2.2 Recast Alfrey-Goldfinger Model 

 

To avoid the limitations associated with the traditional Alfrey-Goldfinger model (described 

above), the terpolymerization equations were re-derived from basic polymerization kinetics for 

this study, so that each terpolymer mole fraction is presented as a single response (see Equations 

2.31 to 2.33; the derivation is presented in Appendix A, Section A.3). This formulation is an 

improvement over the original Alfrey-Goldfinger model, as it eliminates symmetry issues and 

error structures are not distorted. It also agrees with recent work published by Kazemi et al. [57], 

in which the órecastô version of the Alfrey-Goldfinger model was developed using the ratio-based 

equations as a starting point (presented in Appendix A, Section A.2 for reference).  
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In spite of the advantages associated with these newly derived equations, they are only valid for 

the instantaneous case. Using low conversion data makes it possible to assume that the terpolymer 

composition drift is negligible (that is, at low conversions, the measurable cumulative copolymer 

composition is approximately equal to its instantaneous value). However, this restrictive 

assumption introduces additional sources of error, including significant experimental difficulties.  

 

As an alternative, a cumulative ternary composition model can be used to analyze data over the 

full conversion trajectory. The cumulative model (essentially the Skeist equation applied to 

terpolymerization), shown in Equations 2.34 through 2.36, relates the cumulative terpolymer 

composition for each monomer (Ὂ) to the mole fraction of monomer in the initial feed (fi,0), the 

mole fraction of unreacted monomer (fi) and the molar conversion (Xn). Note that these are 

analogous to Equation 2.23 for the copolymer case. 
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If one cannot assume constant composition (that is, composition drift is no longer negligible), fi 

must be evaluated over conversion Xn, according to the model in ordinary differential equation 

form (shown in Equations 2.37 through 2.39). Given the initial conditions fi = fi,0 at Xn = 0, a 

numerical solution can be used to evaluate terpolymer compositions along the full conversion 

trajectory. Here, the analogous equation for the copolymer case is Equation 2.22. 
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2.3 Reactivity Ratio Estimation 

 

As mentioned earlier, reactivity ratios are important parameters for multi-component 

polymerization, since they provide information about the degree of incorporation of each 

comonomer into the resulting polymer product. Reactivity ratios can be estimated using 

experimental data and a polymerization model, if the free (unreacted) monomer composition in 

the polymerizing mixture and the bound (incorporated) monomer composition in the polymer 

chains (i.e., copolymer composition) are known.  

 

Two important considerations for reactivity ratio estimation are careful (statistically informed) 

design of experiments and selection of appropriate parameter estimation techniques. Therefore, in 

this thesis section, design of experiments (Section 2.3.1) and reactivity ratio estimation (Section 

2.3.2) are described for both copolymer and terpolymer systems.  

 

2.3.1 Design of Experiments for Reactivity Ratio Estimation  

 

A common source of error in reactivity ratio estimation is poorly designed (or undesigned) 

experiments. When too few (usually unreplicated) data points are chosen at random, it can be 

difficult to draw accurate information from experimental results. Thus, design of experiments is 

an important consideration in reactivity ratio estimation studies. When a series of experiments is 

designed in an optimal way, it becomes possible to minimize the number of experiments while 

increasing the information content from those experiments. Optimally designed experiments 

typically have much smaller joint confidence regions (JCRs), which is indicative of higher 

precision reactivity ratio estimates [58].  

 

The error-in-variables model (EVM) can be used for model-based design of experiments, which 

increases the precision of parameter estimates through optimally designed experiments. EVM 

considers error in all terms, so using a design of experiments technique within the EVM context 

helps to account for the error in both the independent variables (feed compositions) and the 

dependent variables (copolymer or terpolymer compositions). EVM can also take into account any 

experimental limitations, which ensures that the mathematical results of the design of experiments 

are physically viable. Details have been presented previously [59, 60], but the key points are briefly 

revisited below. The following is applicable to any multi-component system, but details specific 

to binary and ternary systems are outlined in Sections 2.3.1.1 and 2.3.1.2, respectively. 

 

The EVM design criterion aims to maximize the determinant of the information matrix (G), which 

is the inverse of the variance-covariance matrix of the parameters. 

Ὃ ὶὤᴂὄὠὄ ὤ 
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Here, r i is the number of replicates at the i th trial (out of n trials), Zi is the vector of partial 

derivatives of the model function with respect to the parameters (in this case, the partial derivatives 

of the copolymerization/terpolymerization model with respect to the reactivity ratios), Bi is vector 

of partial derivatives of the model function with respect to the variables (in this case, the partial 

derivatives of the copolymerization/terpolymerization model with respect to the feed (f) and 

copolymer/terpolymer (F) compositions), and V is variance-covariance matrix of the variables 

(which provides information about measurement error and possible correlation of the variables 

involved).  

 

During experimentation, either initial or sequential design schemes may be used. The initial design 

is employed when no prior information is known about the system; the design is based solely on a 

certain number of trials (usually chosen arbitrarily or at random, so they may or may not be 

optimal), and is a function of the number of parameters in the model. Alternatively, when some 

prior information is available for the system, a sequential design is employed. As the name 

suggests, the sequential design is an iterative process, and is repeated until the desired level of 

precision is obtained for the parameter estimates being studied [59]. Sequential design schemes 

typically provide smaller JCRs, which indicates that the reactivity ratio estimates are more reliable 

than those obtained from initial designs (a case study demonstrating this concept is shown in 

Section 2.3.1.1). Thus, to the extent possible, the sequential technique will be used to design 

experiments. 

 

2.3.1.1 Design of Experiments for Binary Reactivity Ratio Estimation  

 

Two common design of experiments techniques for copolymer systems are the Tidwell-Mortimer 

[61] and EVM (described above and elsewhere [59]) methodologies. Both use preliminary 

reactivity ratio estimates to suggest the initial feed compositions for subsequent runs [62]. 

 

Tidwell and Mortimer presented one of the earliest (mechanistic model-based) techniques for 

designing reactivity ratio estimation experiments [61]. The Tidwell-Mortimer methodology 

applies an approximate D-optimality criterion to the Mayo-Lewis copolymerization equation 

(Equation 2.21) to determine óoptimalô feed compositions at which to run reactivity ratio 

estimation experiments. The Tidwell-Mortimer design gives the following experimental 

conditions as optimal suggestions: 
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Where f2,0 is presented twice to denote the feed composition of monomer 2 for two distinct 

experiments. Preliminary reactivity ratio estimates (r1 and r2) are typically obtained from the 

literature or from some type of preliminary experimentation.  
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The Tidwell-Mortimer (T-M) equations are recognized as practical tools for the design of optimal 

experiments in reactivity ratio estimation. However, the method does have some limitations. The 

T-M design cannot take composition constraints into account, and is only applicable to binary 

systems. In a recent comparison of T-M and EVM design techniques, both techniques yielded 

similar parameter estimates. However, those obtained from the EVM-designed data gave 

parameter estimates with a higher degree of confidence [62]. 

 

To demonstrate the importance of sequential design of experiments for reactivity ratio estimation, 

we will briefly review a case study presented by Scott and Penlidis [6]. This was published as part 

of a Feature Paper in Processes, which demonstrated a user-friendly computational package for 

reactivity ratio estimation using EVM. Details about the computational package are shown in 

Appendix B (Section B.1), but the case study below provides an excellent example of the benefit 

of sequential design of experiments.   

 

This case study employs experimental data for the copolymerization of butyl acrylate (BA; 

monomer 1) and methyl methacrylate (MMA; monomer 2). The original investigation by Dubé 

and Penlidis [63] was a detailed, multi-step analysis, but only data from the first step are used in 

the current exhibit. 

 

In investigating the effect of experimental design on the confidence in our estimation results, there 

are two important pieces of information to consider. If the preliminary estimates of r1 are smaller 

than r2, then (1) uncertainty in r1 will seem much lower than uncertainty in r2 (the same relative 

error will have a larger absolute value in r2 compared to r1) and (2) the Tidwell-Mortimer design 

will suggest recipes rich in monomer 1. As shown in Figure 2.7 (black JCR; 2 feed compositions), 

r1 < r2 for the BA/MMA system and there is more uncertainty in r2 (that is, in the vertical direction). 

Generally speaking, the JCR is óstretchedô along the axis of the larger reactivity ratio estimate, 

which is due to both the absolute error and the selected feed compositions. 

 

Since the absolute error is experiment-dependent, it is a fact of life that one has to live with. Thus, 

this case study focuses on item (2) described above: how do the feed compositions (selected 

randomly or via design of experiments) affect the reactivity ratio estimates and associated JCRs? 

In the case of BA/MMA copolymerization (given preliminary estimates r1 = 0.51 and r2 = 2.38 

from Grassie et al. [64]), the Tidwell-Mortimer criterion suggests the following feed compositions: 

f1,0 = 0.543 and f1,0 = 0.798, where monomer 1 is butyl acrylate [63]. Based on this criterion, all of 

the experimental data collected are rich in monomer 1, which provides more certainty in r1 (see 

again Figure 2.7; black JCR; 2 feed compositions).  

 

At the next step, EVM-based sequential design of experiments can be employed [59]. This allows 

for further refinement of the reactivity ratio estimates, a higher degree of certainty and therefore 

smaller JCRs. The procedure is described below: 
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(1) EVM is applied to instantaneous (low conversion) data (from [63]) to estimate reactivity 

ratios. Feed compositions are selected according to Tidwell-Mortimer design and four runs 

are done at each level: f1,0 = 0.543 and f1,0 = 0.798. 

(2) Parameter estimation results from EVM are recorded. Specifically, reactivity ratio 

estimates (r1 and r2) and the G matrix (as defined in Equation 2.40) are required for 

sequential design of experiments. 

(3) The EVM-based sequential design of experiments program (using data from step (2), as 

well as the preliminary feed compositions from step (1)) is employed. Details on the design 

have been reported by Kazemi et al. [59]. 

 

From the sequential design of experiments, the next óbestô feed composition for analysis of the 

BA/MMA copolymerization is f1,0 = 0.100. This indication that more monomer 2-rich data is 

required is very reasonable, since all data collected to this point has been rich in monomer 1. By 

introducing experimental data rich in monomer 2, the uncertainty in r2 should decrease. 

 

In the absence of experimental data for f1,0 = 0.100, data were simulated using the instantaneous 

copolymerization model and random error was added (based on the variance reported in the 

original study). As was the case for the other feed compositions, four data points at f1,0 = 0.100 

were added to the analysis. These new data points, along with the original data were then used to 

re-estimate the reactivity ratios with EVM. The results are shown alongside the original analysis 

in Figure 2.7 (red JCR; 3 feed compositions). 

 

 
Figure 2.7: Effect of Sequentially Designed Experiments for the Copolymerization of BA/MMA  
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The inclusion of data rich in monomer 2 drastically improves the degree of certainty in the 

reactivity ratio estimates. While the point estimates are unaffected, the error in r2 is significantly 

reduced. This is as expected: when data rich in monomer 2 are available, one can have greater 

confidence in r2. 

 

This result demonstrates the importance of design of experiments for reactivity ratio estimation. 

Design of experiments makes it possible to maximize the information content from a minimal 

number of runs and to decrease the degree of uncertainty in parameter estimates. Sequential 

designs are extremely useful and revealing, and minimize the overall experimental effort. 

 

2.3.1.2 Design of Experiments for Ternary Reactivity Ratio Estimation  

 

As explained in previous work by Kazemi et al. [60], three optimal experiments are sufficient to 

estimate terpolymerization reactivity ratios. In the terpolymerization problem, the EVM model 

consists of three equations (see again Equations 2.31 to 2.33) and five variables (f1, f2, F1, F2, F3); 

only 2 of the 3 feed compositions are independent (f3 = 1 - f1 - f2) and the terpolymer compositions 

are measured independently. Therefore, for the terpolymerization, there are two independent 

variables (5 variables ï 3 equations = 2) and six (6) parameters (reactivity ratios). The number of 

optimal experiments needed can be calculated by dividing the number of parameters by the number 

of independent variables (see Bard [65] and Duever et al. [66]), hence 6 ÷ 2 = 3. 

 

Of particular note is a practical heuristic for designing experiments for ternary reactivity ratio 

estimation, which suggests that (statistically speaking) the optimal feed compositions always fall 

into the same range [60]. When a multiplicative error structure is assumed and there are no other 

process constraints, the optimal feed compositions are as shown (in the shaded areas) in Figure 

2.8. Three terpolymerization formulations, each rich in one comonomer, are sufficient to estimate 

ternary reactivity ratios [60]. In a recent study (also presented in Section 5.1.2 of this thesis), this 

was further confirmed while investigating the terpolymerization kinetics of 2-acrylamido-2-

methylpropane sulfonic acid, acrylamide and acrylic acid [38]. 
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Figure 2.8: Optimally Designed Experiments for Ternary Reactivity Ratio Estimation (as per [60]) 

 

2.3.2 Reactivity Ratio Estimation using the Error-in-Variables Model  

 

Linear regression techniques, including the Mayo-Lewis method (method of intersections), the 

Fineman-Ross method and the Kelen-Tudos method, have traditionally been used for reactivity 

ratio estimation [52]. However, by examining the instantaneous copolymer composition models 

shown in Equation 2.21 (for the 2-component system) and Equations 2.31 to 2.33 (for the 3-

component system), one can see that the kinetic models are clearly non-linear in the parameters! 

While linearization provides computational simplicity (which, incidentally, is no longer necessary 

thanks to technological advancements), it also requires making imprecise and invalid assumptions. 

The problems associated with linear methods for parameter estimation have been thoroughly 

discussed in the literature [54, 67], and an additional relevant case study is provided in the 

following section (see Section 2.3.2.1). 

 

Therefore, non-linear reactivity ratio estimation techniques should always be employed [67-70]. 

While some researchers choose to use a non-linear least squares approach, the error-in-variables-

model (EVM) method is the most statistically correct technique. EVM forces the experimenter to 

consider all sources of error, including the error associated with independent variables (such as 

feed composition).  

 

To obtain estimates of the ótrueô values of both the independent variables and the parameters, EVM 

uses a nested-iterative approach (this is represented schematically in Figure 2.9, with variables 

defined in the discussion below) [69]. The inner loop searches for ótrueô values of the independent 

variables, since there is inevitably some error associated with the measured values. 

Mathematically, one can relate the vector of known measurements (xi) to the vector of their 

unknown ótrueô values (ɝi) and an error term (kŮi), according to Equation 2.42. In the error term, k 
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is a constant that represents the magnitude of the error and Ů (error) is a random variable that is 

typically uniformly distributed on the interval [ī1, 1] (an additional explanation is included in 

Appendix B, Section B.2 for the interested reader). At the same time, the outer loop uses a 

copolymerization model (such as the instantaneous copolymer composition model, Equation 2.21) 

to relate the ótrueô variables and the parameter (reactivity ratio) estimates, as shown in Equation 

2.43. 

ὼ ‚ρ Ὧ‐  where i = 1, 2, ..., n 2.42 

Ὣ‚ȟ— π  where i = 1, 2, ..., n 2.43 

In both Equations 2.42 and 2.43, i represents the trial number (out of n trials), and underlined terms 

are either vectors or matrices.  

 

 
Figure 2.9: Nested-Iterative Algorithm for the Error-in-Variables-Model (EVM) 

 

From a statistical perspective, the program uses this nested-iterative approach to minimize the sum 

of squares between the observed and predicted values, both in terms of the error in the independent 

variables and in terms of the parameter estimates. When the objective function (Equation 2.44) is 

minimized, the program has found the best estimates for both the independent variables and the 

parameters (reactivity ratios). 

ɮ
ρ

ς
ὶὼӶ ‚ᴂὠ ὼӶ ‚  

2.44 

Where n is the number of experimental trials (runs), r i is the number of replicates for the i th trial, 

ὼ is the average of the r i measurements (ὼ), ‚ is an estimate of the true values of the variables 

(‚) and V is the variance-covariance matrix of the variables (which provides information about 

measurement error of the variables involved). To gain a better understanding of the magnitude of 

the error, the error distribution, the relationship between variables and errors (additive versus 

multiplicative), and potential correlation, independent replication becomes necessary; again, see 

Appendix B (Section B.2) for more information.  
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Alternatively, minimizing the objective function can be considered graphically, as in Figure 2.10. 

Given a model and some measured (independent) data, the inner loop minimizes the horizontal 

distances between the data points and the model (curve). At the same time, the outer loop 

minimizes the vertical distances between the data points and the model (that is, the outer loop 

attempts to reconcile model predictions and measurements). 

 

 

 
Figure 2.10: Graphical Representation of EVM (inspired by [67]) 

 

After estimates are obtained by EVM for both model parameters and model variables, it is 

important to evaluate the estimation results. This is primarily done by determining the precision 

of the parameter estimates. In the case of reactivity ratio estimation, several parameters are being 

estimated simultaneously. Thus, joint confidence regions (JCRs) are invaluable. JCRs are typically 

elliptical contours that quantify the level of uncertainty in the parameter estimates; as shown 

previously (in Section 2.3.1.1 and Figure 2.7), smaller JCRs indicate higher precision and therefore 

more confidence in the estimation results.  

 

To approximate the error with an ellipse (Equation 2.45) requires that the error be normally 

distributed and that the variance be known. Here, it is important to note that — represents the vector 

of parameter estimates that minimize the objective function (Equation 2.44). 

— — Ὃ— — …
ȟ

 2.45 

Where …
ȟ

 represents the chi-squared distribution for p parameters and a confidence level of 

(1-Ŭ). 
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An additional advantage of EVM is that it can be used to analyze copolymerization data up to 

medium-high conversion levels, since either the instantaneous or the cumulative model can be 

employed (recall Section 2.2). The instantaneous model described previously (Equation 2.21 for 

copolymerization and Equations 2.31 to 2.33 for terpolymerization) is only applicable to low 

conversion data, as it assumes that composition drift in the free monomer fraction is negligible 

(which may be true below 5% or 10% conversion). Assuming that no composition drift occurs 

(that is, the cumulative and instantaneous mole fractions in the copolymer are about the same) is 

considered óbest practiceô, and is used throughout the reactivity ratio estimation literature (see, for 

example, [71-76]). 

 

However, limiting kinetic investigations to low conversion levels presents some fundamental 

challenges. In spite of our best efforts to validate the ólack of composition driftô assumption, there 

is almost inevitably some change in feed composition with increasing conversion. From a more 

practical perspective, collecting low conversion data presents experimental challenges and the 

collected data are extremely prone to error.  

 

Researchers should be aware of these limitations and should act accordingly. One might choose to 

include conversion data in the analysis (using a cumulative model and DNI, as per Section 2.2) to 

account for composition drift. Alternatively (rather, in addition), researchers might use design of 

experiments and experimental replication to address the inevitable error associated with the data 

collected. If nothing else, parameter estimation using EVM considers the error present in all 

variables, which can account for some of the experimental error. Ultimately, though, even the most 

statistically correct technique cannot compensate for bad data collection! Case studies examining 

the limitations of low conversion data (Section 2.3.2.2) and the advantages of using a cumulative 

model for analysis of medium-high conversion data (Section 2.3.2.3) are presented in what 

follows. 

 

Although all three case studies presented in what follows are for copolymerization systems, the 

same observations (regarding shortcomings of linear parameter estimation, limitations of low 

conversion (instantaneous) data analysis, and advantages of full conversion (cumulative) models 

can be extended to the terpolymer case. Ternary reactivity ratios (that is, reactivity ratios estimated 

directly from ternary data) are described further in the following chapters, and two studies 

highlighting the importance of using appropriate estimation procedures are provided in Chapter 5 

(Section 5.1). 

 

2.3.2.1 MDO/VAc Case Study: Demonstrating the Shortcomings of Linear Parameter Estimation 

 

This case study was part of the feature paper by Scott and Penlidis published in Processes [6], and 

presents an overview of recent literature [71-73, 77] regarding the copolymerization of 2-

methylene-1,3-dioxepane (MDO; monomer 1) and vinyl acetate (VAc; monomer 2) (see also Table 
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2.3; RR stands for reactivity ratio). This copolymer has gained considerable attention in the past 

decade, largely due to its degradable properties. Researchers are especially interested in the 

reactivity ratios for the system, as reactivity ratios provide information about the copolymer 

microstructure. However, the reactivity ratio estimation (RRE) techniques used in this field are 

often incorrect. This case study will focus primarily on the issue of linear parameter estimation 

techniques, but invalid low conversion assumptions (that is, inappropriate use of the instantaneous 

copolymerization model) and error-prone data cannot be overlooked. Therefore, to demonstrate 

the advantages of EVM, select data from the literature will be re-evaluated (properly) and 

comparisons will be conducted. 

 

Table 2.3: Summary of Reactivity Ratio Estimation (RRE) Studies for 2-methylene-1,3-dioxepane 

(MDO; monomer 1)/Vinyl Acetate (VAc; monomer 2) Copolymerization 

Ref. RRE Technique 
RRE Results 

Comments 
r1 r2 

[71] Kelen-Tüdös (K-T) 0.47 1.56 

¶ Linear RRE technique used 

¶ Inappropriate low conversion assumption 

(reactivity ratios are ódifferent enoughô that 

composition drift is possible) 

¶ Low conversion (<20%) data not presented; 

cannot be re-evaluated with EVM 

[72] 
Non-Linear Least 

Squares (NLLS) 
1.03 1.22 

¶ Non-linear RRE technique used (good!) 

¶ Controlled radical polymerization (RAFT) data 

used for RRE, therefore parameter estimates are 

óapparentô reactivity ratios (as per Feldermann 

et al. [74]) 

[73] Fineman-Ross (F-R) 0.14 1.89 

¶ Linear RRE technique used 

¶ Inappropriate low conversion assumption (as 

with [71], reactivity ratios are ódifferent enoughô 

that composition drift is possible) 

¶ Suggest that low MDO reactivity (compared to 

other MDO/VAc RRE results in the literature) a 

result of low temperature; however, effect of 

temperature on RRs is usually weak 

[77] Fineman-Ross (F-R) 0.93 1.71 

¶ Linear RRE technique used 

¶ Unequal weighting of experimental data 

¶ Instantaneous model applied to high conversion 

data (58ï78% conversion reported) 

¶ F-R plot axes unintentionally flipped in original 

work (which changes RR estimates) 

¶ More comments in what follows 

 

In a recent study by Undin et al. [77], experimental data from six distinct feed compositions were 

used to estimate reactivity ratios for the MDO/VAc copolymerization. These six (batch) runs were 

allowed to continue until conversion did not change and the final conversion and composition 

measurements were reported. Finally, the reactivity ratios for the system were calculated using the 

Fineman-Ross (F-R) method. However, as mentioned briefly in Table 2.3, the data on the x and y 
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axes were unintentionally flipped in the analysis; thus, the reactivity ratio estimates originally 

reported are not representative of the experimental data collected. 

 

Besides this unintended error, there are several other problems with the analysis, including (1) the 

use of undesigned data (that is, no design of experiments used for the selection of feed 

compositions); (2) the lack of composition drift considerations (RRE experiments should be 

performed at low conversion, or a cumulative model should be used); (3) the use of an outdated 

(and linear!) RRE technique. For the purposes of this discussion, we will focus on the use of the 

F-R method for RRE but the other important points should also be noted and kept in mind. 

 

As discussed by Hagiopol [78], the F-R method is often justified by its simplicity. However, it has 

many shortcomings, including unequal weighting of experimental data and symmetry issues (i.e. 

calculation results depend on which monomer is selected as M1). The data set presented in [77] is 

especially vulnerable to these shortcomings, largely due to the undesigned initial feed 

compositions (collection and use of undesigned data for parameter estimation also induce 

considerable correlation between the parameters, which is highly undesirable). As shown in Table 

2.4, some of the data are obtained under fairly low M1 comonomer feed fraction; these conditions 

tend to have the greatest influence on the slope of a line, which ultimately affects reactivity ratio 

estimates obtained using the F-R method [78]. 

 

Table 2.4: RRE Data for the Copolymerization of MDO (Monomer 1)/VAc (Monomer 2) [77] 

Sample Monomer Feed Copolymer Composition 

 f1,0 f2,0 ╕  ╕  

MDO70 0.70 0.30 0.66 0.34 

MDO50 0.50 0.50 0.42 0.58 

MDO30 0.30 0.70 0.23 0.77 

MDO10 0.10 0.90 0.06 0.94 

MDO5 0.05 0.95 0.03 0.97 

MDO1 0.01 0.99 0.005 0.995 

 

The more pressing concern with the F-R method (also described by Hagiopol [78]) is the lack of 

symmetry. Thus, values of r1 and r2 depend on which monomer is selected as M1. To demonstrate 

this point, the data collected by Undin et al. [77] are evaluated with M1 = MDO (which was 

performed incorrectly in the original work; see Figure 2.11a) and with M1 = VAc (performed 

herein for the demonstration; see Figure 2.11b).  
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(a) (b) 

Figure 2.11: Fineman-Ross Plots for the Copolymerization of MDO/VAc with  

(a) M1 = MDO (rMDO = 1.06; rVAc = 1.83 and (b) M1 = VAc (rMDO = 1.96; rVAc = 2.03) 

 

It is clear from Figure 2.11 that the reactivity ratio estimates depend on which comonomer is 

selected as M1; the fact that two reactivity ratio pairs can be obtained from a single estimation 

technique is problematic. It is also interesting to note that both analyses give r1 > 1 and r2 > 1. 

While this is physically impossible, it is a side-effect of experimental (and estimation) error. In 

reality, these results suggest that both reactivity ratios should be close to unity (which agrees with 

the findings of Undin et al. [77] and Hedir et al. [72]) but that at least one reactivity ratio is <1. 

 

The issue of symmetry (combined with the statistical inaccuracy of using linear parameter 

estimation to evaluate non-linear models) highlights the need for a non-linear parameter estimation 

technique like EVM. When using EVM for reactivity ratio estimation, the influence of which 

comonomer is defined as M1 has no impact on the parameter estimates. (If RR estimates are 

slightly different based on the choice of M1, this is due to experimental error in the data). As shown 

in Figure 2.12, reactivity ratio estimates are within the JCR, regardless of which monomer is 

identified as M1. That is, slight discrepancies between EVM-obtained reactivity ratio estimates are 

well within the expected error (1% error in fi,0 and 10% error in Ὂ; more on typical error levels in 

Appendix B, Section B.2). As expected, using measured/reported values as program inputs (in this 

case, fMDO,0 and Ὂ ) provides a greater degree of confidence in the results; note that the JCR in 

Figure 2.12a is smaller than that in Figure 2.12b. There is also significantly more parameter 

correlation visible in Figure 2.12b, as evidenced by the diagonal nature of the (more elongated) 

JCR. This, again, is as expected; the VAc data set was calculated from the measured MDO 

composition data, so correlation is inevitable here.  
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(a) (b) 

Figure 2.12: EVM-obtained RR Estimates and JCRs for the Copolymerization of MDO/VAc with  

(a) M1 = MDO (rMDO = 1.19; rVAc = 1.87) and (b) M1 = VAc (rMDO = 1.01; rVAc = 1.72). 

 

In using EVM to re-analyze the data, r1 > 1 and r2 > 1 is still observed (see again Figure 2.12). 

This outcome is likely a result of using cumulative composition data in an instantaneous model, 

since composition drift was not taken into account for this data set and conversion levels up to 

80% are reported. Even the most statistically correct technique cannot reconcile cumulative 

experimental data with an instantaneous model (and, in this case, appropriate conversion data are 

unavailable for reanalysis with the cumulative EVM program). 

 

The final step is to visually evaluate the prediction performance of the reactivity ratio estimates, 

which involves comparing the experimental values to those predicted by the instantaneous 

copolymer composition equation (Equation 2.21). As shown in Figure 2.13, the symmetry issues 

associated with the Fineman-Ross (F-R) technique have a significant impact on the prediction 

performance (red curves, Figure 2.13a). In contrast, both of the predictions using EVM-obtained 

RR estimates (blue curves, Figure 2.13b) are in agreement with each other and with the 

experimental data. This is compelling evidence to choose non-linear parameter estimation 

techniques like EVM over the statistically incorrect linear parameter estimation techniques. 
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(a) (b) 

Figure 2.13: Comparison of Prediction Performance for RR Estimates Obtained by (a) F-R and (b) EVM  

 

2.3.2.2 HEA/DCP Case Study: Considering the Limitations of Low Conversion Data Analysis 

 

This case study was part of the same feature paper by Scott and Penlidis described earlier [6].   

 

Since the virtues of EVM over linear parameter estimation techniques have already been 

established, the goal of the next case study is to emphasize the limitations of low conversion data 

and demonstrate how they can be addressed using EVM. The data set comes from recent work by 

Suresh et al. [75], whose work describes the synthesis and reactivity ratio estimation of 

photosensitive copolymers based on 4-(3-(2,4-dichlorophenyl)-3-oxoprop-1-enyl) phenylacrylate 

(DCP; monomer 2). In the study, DCP was copolymerized with hydroxyethyl acrylate (HEA; 

monomer 1) and with styrene and reactivity ratios were determined to better understand 

copolymerization behaviour. However, as established in the MDO/VAc Case Study (Section 

2.3.2.1), researchers often revert back to linear parameter estimation techniques and the authors 

(incorrectly) used the Fineman-Ross (F-R) and Kelen-Tüdös (K-T) methods for parameter 

estimation (see Table 2.5). 

   

Table 2.5: Summary of RRE Results for Hydroxyethyl Acrylate (HEA; Monomer 1)/4-(3-(2,4-

dichlorophenyl)-3-oxoprop-1-enyl) Phenylacrylate (DCP; Monomer 2) Copolymerization 

Ref. RRE Technique 
RRE Results 

r1 r2 

[75] Fineman-Ross (F-R) 1.53 ± 0.10 0.76 ± 0.16 

[75] Kelen-Tüdös (K-T) 1.67 ± 0.13 0.58 ± 0.05 

[75] Extended K-T 1.65 ± 0.13 0.60 ± 0.08 

Current Work [6] Instantaneous EVM 1.28 * 0.56 * 

Current Work [6] Cumulative EVM 1.32 * 0.55 * 

* Note: For EVM-obtained reactivity ratio estimates, statistically correct JCRs are presented instead of 

approximate confidence intervals (derived on a linear hypothesis); see Figure 2.15. 

  



42 

 

All experimental data that Suresh et al. [75] used for reactivity ratio estimation were kept below 

15% conversion, so that the instantaneous copolymerization equation could be used for parameter 

estimation. But, is óbelow 15% conversionô enough? As mentioned previously, this is largely 

considered óbest practiceô, but does not account for composition drift (even at low conversions) 

nor for experimental error. As shown in Figure 2.14, only five (seemingly unreplicated) data points 

were collected for reactivity ratio estimation, with obvious discrepancies between the experimental 

data and the model predictions. 

 

 
Figure 2.14: Prediction Performance of RR Estimates for HEA/DCP Copolymerization  

(Obtained by Linear RRE Techniques) 

 

It is likely that these discrepancies are due to experimental error; this type of behaviour is observed 

very often, especially for low conversion data. In order to address this, researchers should review 

potential sources of error; they are likely (1) unidentified composition drift and/or (2) experimental 

difficulties. This case study will demonstrate both of these sources of error (and how to handle 

them). This is another very important, yet implicit, contribution of EVM. EVM, if nothing else, 

forces one to think about the possible sources of variation (and quantify them).  

 

To account for composition drift (even at low conversions), the cumulative copolymerization 

model (Equations 2.22 and 2.23) should be used. Using direct numerical integration to solve this 

system of equations ensures that the feed composition (f1) is considered as a function of conversion, 

thus taking any composition drift into account mathematically. To establish whether unidentified 

composition drift is the culprit in the current experimental data set, one can evaluate the data using 

both the instantaneous and cumulative models and compare the results (Figure 2.15, discussed 

below). In reality, using the cumulative model would also increase the amount of data available 

for analysis, as the copolymerization would be allowed to go to higher conversion levels (and data 

would continue to be collected); in addition, the experimental information is enhanced, anyway, 

since both conversion and copolymer composition data are included; see also Section 2.3.2.3. 
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Ultimately, this would increase the degree of confidence in the reactivity ratio estimates and 

decrease the size of the JCR.  

 

 
Figure 2.15: EVM-obtained RR Estimates and JCRs for the Copolymerization of HEA/DCP using the 

Instantaneous Model (rHEA = 1.28; rDCP = 0.56) and the Cumulative Model (rHEA = 1.32; rDCP = 0.55) 

 

Figure 2.15 indicates that the two EVM-obtained reactivity ratio estimates are in good agreement 

and the JCR sizes and orientations are similar. Thus, in this case, the effect of composition drift is 

likely minimal. Therefore, we will continue our troubleshooting by investigating the second source 

of error: experimental difficulties. Since no replicate data are available, it is not possible to 

calculate the error associated with the composition measurements shown in Figure 2.14. However, 

as discussed previously, EVM considers the error present in all variables throughout the parameter 

estimation process. The program default values of 1% error (associated with f1,0) and 5% error 

(associated with Ὂ) were therefore used in the analysis (see Appendix B, Section B.2 for 

additional information).  

 

The reactivity ratios calculated using the EVM program are as described in Table 2.5 and Figure 

2.15. The converged program also provides the best available estimates of ótrueô values of the 

variables (recall Equations 2.42 and 2.43). Thus, in Figure 2.16, it is possible to compare the 

experimental (measured) values to the ótrueô experimental values and the EVM model predictions 

(both instantaneous and cumulative).  
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Figure 2.16: Prediction Performance of RR Estimates Obtained using EVM 

 

Figure 2.16 indicates that the experimental data points were subject to some degree of error, 

especially for f1,0 = 0.3 and f1,0 = 0.7. Thus, experimental difficulties are likely the culprit here. The 

best way to mitigate this type of problem is to design experiments, replicate copolymerization runs 

and use EVM for parameter estimation. Additionally, using full conversion data with the 

cumulative model gives a more complete picture of copolymerization kinetics; researchers do not 

have to struggle with the experimental challenges of collecting low conversion data. This will be 

discussed in the next case study. 

 

2.3.2.3 BMA/BA Case Study: Exploiting Information Content through Medium-High Conversion 

Data Analysis 

 

This case study was part of the same feature paper by Scott and Penlidis described earlier [6].  

 

Since medium-high conversion level data are used for parameter estimation in this case, reactivity 

ratios are estimated by applying the cumulative composition model (using direct numerical 

integration) to the data through EVM (see again Equation 2.23). Also, because conversion (X) 

varies with time as the polymerization proceeds, one cannot expect the composition of the 

polymerizing mixture to remain constant. Therefore, the instantaneous composition of the 

unreacted (unbound) monomer (fi) can be evaluated using the differential copolymer composition 

equation (Equation 2.22). Solving these equations simultaneously makes it possible to minimize 

the sum of squares between the measured and the predicted values (for both the independent 

variables and the parameter estimates), which is the main objective of EVM.  

 

The data used for this case study were taken from Ren et al. [79], who recently investigated the 

copolymerization kinetics of n-butyl methacrylate (BMA; monomer 1) and n-butyl acrylate (BA; 

monomer 2). Originally, the group collected copolymerization data at low conversion levels 

(<10%) so that the instantaneous model (Equation 2.21) could be used for analysis. After 
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estimating preliminary reactivity ratios using the original RREVM program [70], additional 

(replicated) designed experiments were completed to improve the quality of the data. This low 

conversion data set was re-analyzed using the new MATLAB-based EVM program [6]. As with 

the original investigation, analysis was first performed with the preliminary data only (9 

equidistant feed compositions). Then, the analysis was repeated with preliminary data 

supplemented by the designed replicates (feed compositions selected using the Tidwell-Mortimer 

criterion [61]). A comparison of reactivity ratio estimates (from the original and current studies) 

is shown in Table 2.6. 

 

Table 2.6: Summary of RRE Results for n-Butyl Methacrylate (BMA; Monomer 1) and n-Butyl Acrylate 

(BA; Monomer 2) Copolymerization 

Ref. RRE Technique 
RRE Results 

r1 r2 

[79] Preliminary Estimates (RREVM) [70] 2.100 0.489 

[79] 
Estimates from Tidwell-Mortimer Designed 

Experiments (RREVM) [67, 70] 
2.008 0.460 

Current Work [6] Instantaneous EVM (preliminary data) 2.109 0.492 

Current Work [6] 
Instantaneous EVM  

(preliminary data & designed replicates) 
2.012 0.462 

Current Work [6] Cumulative EVM 2.114 0.500 

 

Good agreement is observed between reactivity ratio estimates, no matter what the amount (or 

type) of data used. This indicates well-behaved data; the low conversion analysis was done in a 

methodical and statistically correct manner. The cumulative EVM results (presented in the final 

row of Table 2.6) are discussed in what follows. 

 

Although low conversion analysis (as performed by Ren et al. [79]) was sufficient for reactivity 

ratio estimation (especially since design of experiments was included in the investigation), it is 

interesting to consider the following: what if one had also included additional (medium-high 

conversion) experimental data? Ren et al. [79] chose to run three feed compositions up to high 

conversion values; the full conversion experimental data were used to evaluate the prediction 

performance of the reactivity ratio estimates. The analysis showed good agreement between model 

predictions and experimental data, thus confirming the reactivity ratio estimates.  

 

We can take this one step further for illustration purposes. Using the cumulative model and direct 

numerical integration provides us with the opportunity to órepurposeô this cumulative (medium-

high conversion) data for improved reactivity ratio estimation. With a cumulative model, there is 

potential to obtain significantly more information (that is, more data points) from each experiment. 

Also, since researchers are not limited to low conversion, less experimental tedium is required to 

obtain the same degree of accuracy, as long as the experiments are well-designed.  

 

A direct comparison of the preliminary analysis (9 feed compositions) and the cumulative analysis 

(3 feed compositions) results is provided in Figure 2.17. The same initial estimates were used in 



46 

 

both cases to ensure that both of the RRE techniques had the same starting point. It is interesting 

to note that both the reactivity ratio estimates and the JCR areas are almost identical for the two 

data sets. This leads to two main conclusions: that the parameter estimation results using the 

instantaneous and cumulative models are in agreement and that the degree of confidence in the 

results is approximately the same (regardless of which data set and/or model is being used). 

Therefore, in this case, 3 full conversion runs have approximately the same information content as 

9 runs that are limited to low conversion levels. 

 

This result should motivate researchers to think carefully about their preliminary experimental 

work. By strategically selecting feed compositions (using design of experiments techniques like 

Tidwell-Mortimer [61, 62] or EVM [59, 80]) and collecting copolymerization data up to medium 

or high conversion levels, it is possible to obtain sufficient information about a new system. The 

results shown herein suggest that preliminary experimental work can almost be reduced to 1/3 of 

the original load, without any loss of information content. Therefore, researchers should be 

encouraged to make use of all copolymerization data by employing the cumulative 

copolymerization model.  

 

 
Figure 2.17: Comparison of Results for the Copolymerization of BMA/BA using the Instantaneous Model 

(rBMA = 2.11; rBA = 0.49) and the Cumulative Model (rBMA = 2.11; rBA = 0.50) 

 

2.4 Terpolymerization Kinetics of AMPS/AAm/AAc 

 

Most of the literature review outlined in this section has been recently published by Scott, Duever 

and Penlidis [81]; the work examines the effect of various experimental conditions on the 
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terpolymerization kinetics of 2-acrylamido-2-methylpropane sulfonic acid (AMPS), acrylamide 

(AAm) and acrylic acid (AAc). 

 

As explained in Section 2.1.3, AMPS/AAm/AAc terpolymers are a promising candidate for 

enhanced oil recovery (EOR), given the application requirements and the anticipated properties of 

the terpolymer. AMPS/AAm/AAc has only recently appeared in the literature, with applications 

ranging from enhanced oil recovery [21] to controlled drug delivery [82]. Typically, existing 

studies focus on the final properties of the material (swelling behaviour, thermal and mechanical 

stability, etc.) [21, 48, 50], but investigating the terpolymerization kinetics is equally important 

[80]. The bulk polymer properties (and, by extension, properties relevant to the final application) 

depend on the terpolymer microstructure, therefore a clear understanding of the terpolymerization 

kinetics is invaluable. 

 

The kinetics of an associated copolymer, acrylamide/acrylic acid, have been well-studied. 

Riahinezhad et al. [83], among others, have shown that experimental conditions (that is, the pre-

polymerization solution properties) can significantly impact polymerization kinetics and the 

resulting copolymer. Since the AAm/AAc copolymer is a polyelectrolyte, pH, ionic strength and 

monomer concentration are all influential variables during synthesis [84-87]. AMPS also exhibits 

polyelectrolyte behaviour, so one might expect that solution properties will also affect 

AMPS/AAm/AAc terpolymerization.  

 

In looking at extensions from the AAm/AAc copolymer to the AMPS/AAm/AAc terpolymer, it is 

important to note that binary observations do not always apply to the ternary system [38]; this will 

be discussed further in Chapter 5 (Section 5.1). In the past, many researchers have used 

copolymerization results to predict terpolymerization behaviour. Although this may work for some 

cases, it is an approximation, as it effectively ignores the presence of the third comonomer. A third 

comonomer will inevitably change the reaction conditions and, by extension, the polymerization 

kinetics. Therefore, although one might look to the AAm/AAc system for guidance, new 

terpolymer-specific investigations are needed.  

 

This section describes known effects of various reaction conditions on the polymerization kinetics 

of AMPS/AAm/AAc and (more often) the effects of those conditions on related homopolymers 

and copolymers. This background knowledge can help inform decisions about experimental 

conditions and can provide confirmation that the observed experimental results are reasonable. 

Therefore, a brief overview about the effects of pH, ionic strength, monomer concentration and 

feed composition on the polymerization of AMPS/AAm/AAc (and associated systems) is 

presented herein.  

  



48 

 

2.4.1 Effect of pH 

 

The terpolymer of AMPS/AAm/AAc is a polyelectrolyte. That is, the macromolecule can contain 

covalently bound anionic or cationic groups (as a result of dissociation), which ultimately results 

in a charged polymer. These charges are extremely influential in terms of polymerization kinetics 

and should therefore be understood for customization purposes. 

 

The comonomers AMPS and AAc are both acidic in nature, which means that dissociation (loss 

of the H+ ion from the carboxylic or sulfonic acid group) occurs as pH increases. The amount of 

dissociation that occurs is often reported as the degree of ionization, Ŭ, and can be calculated 

according to Equation 2.46. 

‌
ρπ

ρπ ρ
 

2.46 

Where pKa is the acid dissociation constant, which varies by compound. Atta et al. [88] have 

reported that AMPS and AAc have pKa values of 2.3 and 4.2, respectively. 

 

The rate of polymerization is a strong function of the degree of ionization. As the monomers (and 

resulting polymer chains) dissociate, they will contain like charges. These charges repel one 

another, which causes two significant changes in the system. First, the chain is forced to stretch 

out to separate the charges as much as possible (which eliminates the typical coil conformation of 

polymer chains). Second, the monomers and the radical chain contain like charges, which 

decreases the reactivity ratio of said monomers. 

 

The effect of pH on the homopolymerization of AAm and the homopolymerization of AAc have 

been studied extensively, as have the copolymerization kinetics of AAm/AAc (see, for example, 

[89-92] for AAm, [93-96] for AAc, and [85, 97-99] for AAm/AAc. To the best of our knowledge, 

a limited number of homopolymerization studies have been performed for AMPS [100]; it is more 

frequently used as a comonomer with AAm or AAc (see, for example, [62, 101-105]).  

 

A brief overview of pH effects is presented herein, as this research can help inform the current 

study. However, it is important to recognize that binary reactivity ratios (and, in general, 

copolymerization behaviour) do not necessarily extend to terpolymer system [38]. So, by 

extension, the homopolymerization kinetics reported in literature may not always align with what 

is observed in terpolymer systems.  

 

A recent study by Beuermann et al. [100] investigated the homopolymerization kinetics for the 

solution polymerization of AMPS using near-infrared spectroscopy and pulsed laser 

polymerization. The study included pH effects, as ộktỚ/kp values were compared over conversion 

for both the acid (AMPS) and salt (NaAMPS) forms of the monomer (where ộktỚ is a mean 

termination rate coefficient and kp is the propagation rate constant).  Kinetic behaviour was similar 
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for both the acid form (where pH was very low) and the salt form (where pH = 7), suggesting that 

pH had no significant effect [100].  

 

The effect of pH on the homopolymerization of poly(acrylamide) has been widely studied for 

many years (see, for example, [89-92]). The majority of these reports suggest that pH has little 

effect on acrylamide homopolymerization kinetics, at least over the ranges studied. Some 

exceptions are an increase in kp at pH 1 (compared to higher pH levels) reported by Currie et al. 

[89] and an increased rate of polymerization between pH 6 and pH 7 ([106] as reported by [90]). 

However, in general, other solution effects and reaction conditions are more influential than the 

solution pH. 

 

Many poly(acrylic acid) kinetic studies (including these references [93-96]) have experimentally 

confirmed that the rate of polymerization of acrylic acid is significantly affected by pH. As the 

solution is neutralized (that is, as pH increases to approximately pH 7 and the degree of ionization, 

Ŭ, increases to 1), repulsion occurs between monomers and around the propagating chain, thus 

reducing the rate of polymerization for poly(acrylic acid). As the pH is increased beyond pH 7, an 

increased rate of polymerization is observed, likely due to charge screening effects [93, 96].  

 

The general pH effects on the AAm/AAc copolymerization have also been well studied [97-99] 

and are summarized in Table 2.7. Copolymerization behaviour at pH 2 (that is, where the 

acrylamide radical is protonated) has been studied by Cabaness et al. [97] and Paril et al. [98]; 

although pH effects are minimal in acrylamide homopolymerization studies, both 

copolymerization studies showed a reduction in AAm incorporation (and, subsequently, increased 

AAc incorporation) at low pH. Riahinezhad et al. [85] recently confirmed pH effects for the range 

of pH 3 to pH 7; experimental observations showed that the charged (AAc) monomer (at higher 

pH values) has lower additivity (that is, a lower reactivity ratio) due to charge repulsion.  
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Table 2.7: Effect of pH on AAm/AAc Polymerization Kinetics 

pH 
Monomer Forms Present Effect on Reactivity Ratios 

(r i or r j) Acrylic Acid (AAc)  Acrylamide (AAm)  

pH < 2 
CH

2

OH

O             

CH
2

OH

NH
2
+

 

Increased rAAc, decreased rAAm 

2 < pH < 6 
CH

2

OH

O               

CH
2

O

NH
2

CH
2

O

O  
 

Complex kinetics, since it can 

technically be considered a 

terpolymerization; both rAAc 

and rAAm are similar and close 

to 1 [99] 

pH > 6 

CH
2

O

O             

CH
2

O

NH
2  

Decreased rAAc, increased rAAm 

 

For simplicity, the acidic monomers are referred to as AMPS and AAc throughout the thesis; the 

change in structure is acknowledged in terms of experimental conditions (and not reflected in the 

monomer name). Based on the above discussion (and on the use of NaOH and NaCl for pH and 

ionic strength adjustment, respectively), the monomers become sodium salts as the acids 

dissociate. This will be discussed in more detail in what follows. However, the presence of 

NaAMPS (2-acrylamido-2-methylpropane sulfonic acid sodium salt) and NaAAc (acrylic acid 

sodium salt or sodium acrylate) is implied as pH increases. 

 

2.4.2 Effect of Ionic Strength 

 

The polyelectrolyte nature of this terpolymer means that the ionic strength (IS) of the polymerizing 

mixture must also be considered. To minimize the repulsion between charges (both within the 

polymer chains and between the monomers and the chains), counter-ions can be added to the 

system in the form of salt. These counter-ions shield (and effectively neutralize) the charged 

molecules, which limits repulsion and increases reactivity. The IS of a given solution can be 

calculated according to Equation 2.47.  

ὍὛ
ρ

ς
ὧᾀ 

2.47 

Where ci is the molar concentration of ion i (mol/L) and zi is the charge of ion i. 

 

Not only does the ion charge number play a role in the ion shielding, but the type of cation does 

as well; this affects the electrostatic attraction between anions and counter-ions. It has been shown 
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that the reactivities of both AAm and AAc in copolymerization can be affected by the type of 

cation [107, 108]. These studies indicate that the counter-ion type affects the reactivity ratios, 

which are also related to the copolymer composition and the sequence length. In the current work, 

sodium is the counter-ion of choice (largely due to availability and ease-of-use), but other options 

can be considered to customize the polymer product. 

 

Ionic strength effects have been evaluated for both acrylamide and acrylic acid 

homopolymerization kinetics, and have often been studied alongside pH effects (see, for example, 

[92, 93, 95]).  As mentioned in the discussion surrounding pH, a smaller amount of information is 

available for the AMPS comonomer, since it is less widely used.  However, since it is a strong 

acid, it is expected that the terpolymerization of AMPS/AAm/AAc will also be influenced by the 

IS of the pre-polymerization mixture.  

 

The effect of NaCl on polyacrylamide synthesis was studied by Lacik et al. [92] alongside their 

pH investigation. For aqueous polymerization with 5 wt% acrylamide, no change in kp was 

observed over the range of 0.001 M to 0.1 M NaCl. Further increasing the NaCl concentration to 

1 M resulted in a slight increase of kp. The effect of NaCl (or other salt) addition on poly(acrylic 

acid) synthesis is much more pronounced, as the cations from the salt act as counter-ions, providing 

charge screening and increased reactivity as described previously. The impact of salt addition on 

poly(acrylic acid) kinetics was first described by Kabanov et al. [93], who described an óion pair 

mechanismô that significantly increased the propagation rate and the molecular weights of the 

product polymers. Since then, similar ionic strength effects have been reported by many other 

groups for homopolymerization of acrylic acid and copolymerization of acrylic acid with 

acrylamide [84, 86, 95, 98, 99, 109]. 

 

Specifically, copolymerization studies for acrylamide/acrylic acid have shown that ionic strength 

affects the rate of polymerization and monomer reactivity ratios (see, for example, the recent study 

by Riahinezhad et al. [84]). When the acrylic acid monomer is partially or fully ionized, the 

reactivity ratio associated with AAc is low (due to charge repulsion). Experimental results have 

shown that adding salt (typically NaCl) to the pre-polymerization formulation can provide charge 

screening, thus increasing the incorporation of AAc (and rAAc) [84, 86, 99]. 

 

2.4.3 Effect of Monomer Concentration 

 

In aqueous polymerization, the total monomer concentration ([M]) can drastically affect the 

kinetics. This is especially true for polyelectrolytes, as the monomer concentration can also affect 

the ionic strength of the polymerizing mixture. The kinetic study for AMPS homopolymerization 

discussed earlier [100] compared rate constants (kp and kt) for aqueous solution polymerization (at 

40°C) with 20 wt% AMPS (1.04 M) and 50 wt% AMPS (2.79 M). The analysis indicated that kp 

was higher at a lower [M]; at the higher [M], a four-fold decrease in kp was reported. In this case, 

Beuermann et al. [100] suggested that the reduction in kp may be due to reduced chain mobility 
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and repulsion between charged monomers and charges along the macroradical. Similar behaviour 

has been observed for the homopropagation of acrylamide [92, 110], acrylic acid [111], and 

methacrylic acid [112-114].  

 

The relationship between monomer concentration, ionic strength and polymerization kinetics 

studied for poly(methacrylic acid) [113] can provide insight about the poly(acrylic acid) case. 

Pulsed-laser polymerization results showed that kp decreased with increasing [M] (as for the 

AMPS study) for the non-ionized case (Ŭ=0); there was a four-fold decrease as the concentration 

changed from 5 wt% (0.59 M) to 40 wt% (4.72 M). Conversely, for the fully ionized case (Ŭ=1), 

kp increased with increasing monomer concentration (three-fold increase over the same range), 

which may be due to charge screening. In all cases (that is, at all monomer concentration levels), 

the kp was higher for the non-ionized monomer than the ionized monomer [113]. This is as 

expected, since the ionized monomer will repel other monomers and charged macroradicals due 

to the like charges. Interestingly, polymerizations at lower monomer concentrations exhibited a 

more drastic change in kp as the degree of ionization increased. That is, ionization effects were 

more pronounced at low monomer concentration. This may indicate that a higher monomer 

concentration (and, therefore, a higher ionic strength for the fully ionized case) stabilizes the 

system via charge screening.  

 

As mentioned in the discussion of other recipe factor effects, extensions from homopolymerization 

to multi-component systems (copolymerization or terpolymerization) should be made with 

caution. The influence of monomer concentration on the copolymerization kinetics of AAm/AAc 

has been studied recently [85, 86, 99]. In general, copolymerization studies have shown that 

increased [M] does not have an isolated effect; it is influenced by other factors including pH and 

ionic strength (as one might expect given the complexity of the system). Riahinezhad et al. [85] 

reported that the effect of [M] becomes more pronounced at higher pH levels (that is, partially or 

fully ionized conditions); changing [M] at pH 3 had almost no effect on the reactivity ratios, but 

had significant effects at pH 7. At higher pH levels, increasing [M] results in a decreased rAAm and 

an increased rAAc. These results agreed with those reported previously by Rintoul and Wandrey 

[99]. Riahinezhad et al. [85] also observed that an increase in monomer concentration made 

reactivity ratios less óscatteredô (that is, more consistent over different pH levels). This observation 

aligns with the stability observed in the poly(methacrylic acid) study described previously [113]; 

higher monomer concentration seems to provide additional charge screening, thus decreasing the 

effect of monomer ionization on polymerization kinetics. 

 

It is well-known, but worth acknowledging nonetheless, that adjusting monomer concentration can 

also have a significant impact on the molecular weight of the polymer product. Molecular weight 

is directly proportional to [M], which provides researchers with a convenient way to achieve the 

desired molecular weight for a custom terpolymer.  
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2.4.4 Effect of Feed Composition 

 

In addition to the overall monomer concentration, the feed composition (that is, the fraction of 

each comonomer in the recipe) can also influence the polymerization kinetics and product 

properties. The design of experiments relies on EVM criteria to select optimal feed compositions 

(see Section 2.3.1), but the feed composition can be varied once relationships are known. 

Theoretically, the fraction of each comonomer in the recipe affects the cumulative copolymer 

composition and the sequence length distribution; these relationships are visible in several 

equations presented previously (see, for example, Equations 2.31 to 2.39 and 2.10 to 2.16).  

 

During AAm/AAc copolymer design work by Riahinezhad et al. [32], high levels of acrylamide 

showed the best performance for the EOR application. When the fraction of acrylamide was 

between 65% and 95%, the product exhibited high molecular weights and high shear viscosity 

(with maximum shear viscosity observed at 70% AAm) [115], both characteristics being desirable 

in EOR. The same study found that small amounts of acrylic acid improved the polyelectrolyte 

nature of the copolymer, but too much AAc resulted in brine sensitivity. 

 

These considerations can be extended to the case of the AMPS/AAm/AAc terpolymer. It is 

expected that high levels of acrylamide will still be necessary, therefore preference should be given 

to solution conditions that promote high AAm incorporation into the product terpolymer. Ideally, 

we are also looking for conditions where the terpolymerization exhibits very little composition 

drift, so that the cumulative terpolymer composition remains approximately constant at any level 

of conversion. 
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Chapter 3. Experimental Methodology for Case Study #1 ï 

Enhanced Oil Recovery 
 

The experimental methodology has been presented (at least in part) in several of our publications. 

These publications provide information about preliminary investigations [80] and screening 

experiment results [81]. Also, several of the experimental procedures described in what follows 

will inform an additional paper (recently submitted), in which the optimally designed terpolymers 

for enhanced oil recovery are evaluated in terms of application performance. 

 

3.1 Materials 

 

Monomers 2-acrylamido-2-methylpropane sulfonic acid (AMPS; 99%), acrylamide (AAm; 

electrophoresis grade, 99%), and acrylic acid (AAc; 99%) were purchased from Sigma-Aldrich 

(Oakville, ON, Canada). AAc was purified via vacuum distillation at 30°C, while AAm and AMPS 

were used as received. Initiator (4,4ǋ-azo-bis-(4-cyanovaleric acid), ACVA), inhibitor 

(hydroquinone) and sodium hydroxide were also purchased from Sigma-Aldrich. Sodium chloride 

from EMD Millipore (Etobicoke, ON, Canada) was used as received. In terms of solvents, water 

was Millipore quality (18 MɋĀcm); acetone (99%) and methanol (99.8%) were used as received. 

Nitrogen gas (4.8 grade) used for degassing solutions was purchased from Praxair (Mississauga, 

ON, Canada). Finally, the reference polymers that were used as baseline for comparison of 

properties were part of the Alcoflood series (254S, 935X, and 955), purchased from BASF, USA.  

 

3.2 Polymer Synthesis 

 

3.2.1 Screening Experiments 

 

The screening experiment study was the first step in examining the effects of reaction conditions 

on the terpolymerization of AMPS/AAm/AAc. Specifically, optimally designed experiments 

(using the error-in-variables model (EVM) design [60] as described in Section 2.3.1.2) and a 

definitive screening design made it possible to select pre-polymerization recipes with high 

information content so that the entire system could be understood in just a few experimental runs. 

The experimental data were subsequently used to estimate ternary reactivity ratios, which provide 

valuable information about the resulting terpolymer properties. A good understanding of how the 

solution properties affect terpolymer reactivity ratios, composition, microstructure and molecular 

weight paves the way for the synthesis of custom-made polymers for specific applications.  

 

In general, the experimental techniques described by Riahinezhad et al. [83] were adopted for these 

terpolymer systems. As per the EVM design of experiments procedure for terpolymerizations [60], 

each pre-polymerization recipe was rich in one comonomer (fAMPS,0/fAAm,0/fAAc,0 = 0.8/0.1/0.1, 

0.1/0.8/0.1, 0.1/0.2/0.7). Prior work has shown poor polymerization when the AAc fraction is too 
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high [62], therefore the constrained design (relative to the general heuristic shown in Figure 2.8) 

shown in Figure 3.1 was used for this experimental work. Additional experimental conditions (at 

each of these feed compositions) are described in what follows. 

 

 
Figure 3.1: Optimally Designed Experiments for Ternary Reactivity Ratio Estimation  

(Constrained Design for AMPS/AAm/AAc Terpolymerization) 

 

Solutions to be polymerized were prepared with target monomer concentrations (according to the 

experimental design of Table 3.1) and the initiator (ACVA) concentration was adjusted to maintain 

a constant [M]/[I]1/2 ratio (=15.8). Prior to polymerization, solutions were titrated with sodium 

hydroxide to adjust the solution to the desired pH (±0.5), and sodium chloride was added to adjust 

ionic strength among the experiments.  

 

All solutions were purged for two hours under 200 mL/min nitrogen. After degassing, aliquots of 

~20 mL of solution were transferred to sealed vials using the cannula transfer method. Free-radical 

solution (aqueous phase) polymerizations were run in a temperature-controlled shaker-bath 

(OLS200; Grant Instruments, Cambridge, UK) at 40°C and 100 rpm. Vials were removed at 

selected time intervals, placed in ice and further injected with approximately 1 mL of 0.2 M 

hydroquinone solution to stop the polymerization. Polymer samples were isolated by precipitating 

the products in acetone, filtered (paper filter grade number 41, Whatman; Sigma-Aldrich, Oakville, 

ON, Canada) and vacuum dried for 1 week at 50°C.  

 

pH, ionic strength and monomer concentration are expected to affect the polymerization kinetics 

and resulting terpolymer properties. Therefore, in preliminary work [80], all variables were kept 

constant and controlled to the extent possible. In contrast, the current work employs a definitive 

screening design (using Design Expert software) to adjust four variables (in 3 levels each) 

simultaneously and glean general information about the system. Level selection was informed by 

prior work (for the AAm/AAc copolymer [84, 85] and the AMPS/AAm/AAc terpolymer [80]) and 
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influenced by considering desirable properties for enhanced oil recovery application performance 

[32]. The definitive screening design is presented in Table 3.1 (Runs S1 through S9). The 

conditions for two additional runs (Runs S10 and S11) were informed by preliminary results and 

kept screening variables constant to the extent possible, for comparison purposes. This will be 

discussed further in Section 4.1.2. 

 

Table 3.1: Definitive Screening Design for Terpolymerization of AMPS/AAm/AAc 

Run # pH IS [M]  Feed Composition (fAMPS,0/fAAm,0/fAAc,0) 

S1 7 1.5 M 1.0 M 0.1/0.2/0.7 

S2 5 1.2 M 1.0 M 0.8/0.1/0.1 

S3 7 1.8 M 1.5 M 0.8/0.1/0.1 

S4 7 1.2 M 0.5 M 0.1/0.8/0.1 

S5 9 1.2 M 1.5 M 0.1/0.2/0.7 

S6 5 1.8 M 0.5 M 0.1/0.2/0.7 

S7 9 1.8 M 1.0 M 0.1/0.8/0.1 

S8 5 1.5 M 1.5 M 0.1/0.8/0.1 

S9 9 1.5 M 0.5 M 0.8/0.1/0.1 

     

S10 7 1.5 M 1.0 M 0.8/0.1/0.1 

S11 7 1.5 M 1.0 M 0.1/0.8/0.1 

 

By combining the definitive screening design with optimal feed compositions (as per the EVM 

design of experiments for ternary reactivity ratio estimation), different subsets of data for 

parameter estimation can be analyzed under specific conditions. For example, from Table 3.1, one 

could use Runs S1, S3 and S4 to estimate (approximate) reactivity ratios for the AMPS/AAm/AAc 

terpolymer at pH 7. Although [M] and IS are varying, the associated feed compositions for these 

3 runs make up an optimal design. Therefore, full conversion data from 3 runs can be used for 

parameter estimation. It is important to note that these parameter estimates are general; reactivity 

ratios from these experiments should not be used to predict cumulative terpolymer composition or 

terpolymer microstructure. Rather, these screening runs can be used to examine how changes in 

pH, ionic strength and monomer concentration affect general trends (i.e. incorporation of various 

comonomers, rate of polymerization, molecular weight averages, and so on). These trends inform 

subsequent runs, with the intent to manipulate pre-polymerization recipes and terpolymerization 

kinetics to create custom-made materials. 

 

3.2.2 Optimally Designed Experiments 

 

In the optimal design phase of this study, terpolymers were synthesized under consistent solution 

properties at the levels determined from the definitive screening design results [81]. Sodium 

chloride was added to adjust ionic strength to 0.9 M, and all monomer solutions were titrated with 

sodium hydroxide to adjust the pH to approximately 7 (±0.5). Total monomer concentration was 
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1.5 M for each synthesis, with 0.009 M initiator (ACVA). Two optimal feed compositions (both 

rich in acrylamide) were selected to allow for the most desirable terpolymer microstructure (see 

Table 3.2). These feed compositions were based on predictions made using newly estimated 

reactivity ratios (from definitive screening design data). A more detailed justification of these 

óoptimalô experimental conditions is provided in Chapter 4 (Section 4.2.1). 

 

Table 3.2: Optimally Designed Experiments for Terpolymerization of AMPS/AAm/AAc 

Run # pH IS [M]  Feed Composition (fAMPS,0/fAAm,0/fAAc,0) 

Opt1 7 0.9 M 1.5 M 0.21/0.69/0.10 

Opt2 7 0.9 M 1.5 M 0.10/0.75/0.15 

 

As with the screening experiments, all solutions were degassed with 200 mL/min nitrogen for 2h 

prior to polymerization. After degassing, aliquots of ~20 mL of solution were transferred to sealed 

vials using the cannula transfer method. Free-radical solution (aqueous phase) polymerizations 

were run in a temperature controlled shaker-bath (OLS200; Grant Instruments, Cambridge, UK)  

at 40°C and 100 rpm. Vials were removed at selected time intervals, placed in ice and further 

injected with approximately 1 mL of 0.2 M hydroquinone solution to stop the polymerization. 

Polymer samples were isolated by precipitating the products in acetone, filtered (paper filter grade 

number 41, Whatman; Sigma-Aldrich, Oakville, ON, Canada) and vacuum dried for 1 week at 

50°C. Both polymerizations were independently replicated. 

 

3.3 Characterization of Polymer Properties 

 

3.3.1 Conversion 

 

Conversion of all polymer samples was determined using gravimetry. Due to the high ionic 

strength (and necessarily high salt content), it was observed that sodium chloride remained present 

in the polymer samples at an approximate 1:1 ratio with acrylamide. This was initially deduced 

from elemental analysis results and uncharacteristically high conversion calculations, and then 

independently confirmed for select samples via inductively coupled plasma mass spectrometry 

(ICP). This is discussed further in Section 4.1.4. As per the recommendation of Riahinezhad et al. 

[84], the mass of the sodium ions (attracted to the dissociated acids along the polymer chain) was 

considered in conversion calculations. Sample calculations are available in Appendix C (Section 

C.1). 

 

3.3.2 Composition 

 

Polymer composition was measured using elemental analysis (CHNS, Vario Micro Cube, 

Elementar). The machine was calibrated daily (and after every 60 samples) using a sulfanilamide 

standard and samples were combusted at 1150°C. The content of elemental C, H, N and S in the 

samples was determined, which allowed for the subsequent calculation of cumulative terpolymer 
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composition. Composition calculations did not include H measurements, as residual water has 

been known to affect the determined H content. Sample calculations are provided in Appendix C 

(Section C.2). 

 

One of the challenges in performing elemental analysis for these terpolymer samples was the high 

sulfur concentration (especially for the AMPS-rich samples). Initially, sulfur entrapment within 

the elemental analysis system (and, potentially, poor combustion) resulted in poor repeatability of 

elemental analysis results. In collaboration with the technical team at Elementar, the following 

alterations to standard procedures were found to significantly improve the repeatability of the 

results: 

¶ WO3 powder was added to each polymer sample (in a 1:1 mass ratio) during the sample 

preparation stage. This provided additional oxygen during combustion and ensured 

complete combustion of the polymer sample. Additionally, the presence of WO3 in the 

combustion tube required that a ceramic ash crucible (with 5 mm WO3 in the bottom) be 

used instead of standard glass. The ceramic crucible is better able to collect sample 

combustion residue, whereas the WO3 may leach out of the standard glass tube (which 

could make the ash crucible stick to the inside of the combustion tube).  

¶ At least four conditioning runs were completed before daily calibration. Occasionally, 

additional conditioning runs were added, especially if the sulfur content seemed unstable. 

¶ Terpolymer samples were run in triplicate to ensure consistent results. Essentially, the first 

sample acted as a óconditioningô sample for the terpolymer being analyzed, which was 

especially important if the sulfur content in the terpolymer was significantly different than 

the previous sample (or standard).  

¶ Over time, the quartz bridge (linking the combustion tube and the reduction tube) can 

develop a blue tint, which indicates that wolframic acids have precipitated. In this case, the 

quartz bridge should be replaced with a clean one, and the contaminated bridge should be 

thoroughly cleaned and dried. 

¶ The cotton óplugsô in the drying tube are known to trap sulfur-containing compounds 

(mainly SO2). An alternative plug to improve gas flow rates (which Elementar calls their 

poly filter) can minimize the entrapment. 

¶ If sulfur content becomes especially high (noticeable during blank runs, conditioning runs, 

and/or calibration runs), the adsorption column can be baked out to clean out any debris. 

 

These adjustments significantly improved the repeatability of the elemental measurements (and 

simultaneously increased confidence in the results). 

 

3.3.3 Molecular Weight 

 

Molecular weight averages were determined using gel permeation chromatography (PL-GPC 50, 

Agilent, with two columns, type PL aquagel-OH MIXED-H 8 ɛm, Agilent). To analyze the 
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AMPS/AAm/AAc terpolymers, four detectors were employed: refractive index, low-angle and 

right-angle light scattering (LALLS/RALLS), and differential pressure. To minimize the charge 

interactions between the column and the polymer samples, a buffer solution of pH 7 was used as 

the mobile phase (flowing at a rate of 1.0 mL/min). The buffer was prepared using sodium nitrate 

(0.2 M) and sodium phosphate (monobasic and dibasic, 0.1 M) in Millipore quality water. The 

synthesized polymers were dissolved in the mobile phase (pH 7 buffer) to obtain concentrations 

of ~1 mg/mL. The solution preparation step required fine grinding prior to dissolving polymers in 

buffer, and allowing the solutions to sit under ambient conditions (with occasional manual mixing) 

until the polymer was dissolved. This sometimes took several days, since the material did dissolve 

easily. Prior to injection, polymer solutions were filtered through a 0.2 ɛm filter. Polyacrylic acid 

ï sodium salt calibration standards were obtained from Agilent Technologies and their peak 

average molecular weight (ὓp) values ranged from 4.67×105 to 2.25×106 g/mol.  

 

Calibration was also confirmed using a well-characterized copolymer (poly(acrylamide-co-acrylic 

acid) partial sodium salt from Aldrich; ~80% acrylamide; Mw = 520,000 and Mn = 150,000); 

measurements were in good agreement with the expected results (coefficient of variation <10% 

for both ὓw  and ὓn). For a dn/dc of 0.171, Mw = 456,400 and Mn = 160,362. Additional details 

are provided in Appendix C, Section C.3. 

 

For all unknown samples, a dn/dc of 0.175 was used (based on the dn/dc of the PAAc-Na standards 

and verified by laser refractometry). The range of dn/dc values for both polyacrylamide and 

polyacrylic acid (in salt water) are similar; changing the dn/dc value during analysis had no effect 

on the reported molecular weight averages. Note, however, that dn/dc values come from a variety 

of sources, meaning that the mobile phase is not necessarily consistent for measurements reported 

by different groups. A more complete analysis (like the one done by Leamen et al. [116]) would 

be necessary to understand the full intricacies of the system.  

 

3.3.4 Sequence Length Distribution 

 
13C-NMR (nuclear magnetic resonance) was conducted on a Bruker AVANCE 500 Ultrashield 

NMR spectrometer (Nuclear Magnetic Resonance Facility, Department of Chemistry, University 

of Waterloo). The NMR was run for 12 hours per sample at 68 ºC (around 6,000 scans) and 

employed inverse gated proton decoupling (30 degree pulse) with a pulse delay of 6 s (D1 = 6 s).  

 

To prepare the samples for analysis, each terpolymer was dissolved in a pH 7 D2O/buffer solution 

(prepared using 0.2 M sodium nitrate and 0.1 M sodium phosphate (monobasic and dibasic) as for 

GPC, but with D2O as the mobile phase). Polymer samples were finely ground and slowly added 

to the buffer to achieve a concentration of 6 wt% (~0.1332 g of polymer in 2 ml of D2O/buffer). 

Solutions were injected into NMR tubes using a long-tipped needle and a syringe, and tubes were 

heated in a 60°C water bath to ensure all bubbles had escaped prior to analysis.  
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3.3.5 Thermal Stability 

 

Select samples were analyzed using thermal gravimetric analysis (TGA) on a Q500 TGA from TA 

Instruments (analytical instrumentation lab, Department of Chemical Engineering, University of 

Waterloo). Small sample quantities (<5 mg) were placed in platinum pans for analysis, and 

samples were run from 30°C to 600°C with a heating rate of 10°C/min under nitrogen atmosphere. 

It was especially important to use small amounts of sample (< 5 mg), since entrapped water could 

result in sample expansion during analysis (see Appendix C, Section C.4). 

 

3.3.6 Additional Characterization 

 

To evaluate whether residual sodium chloride was present in the AMPS/AAm/AAc terpolymer, 

sodium concentration was measured for select samples using inductively coupled plasma (ICP) 

mass spectrometry. The instrument used was a Prodigy radial ICP-OES by Teledyne-Leeman 

(analytical instrumentation lab, Department of Chemical Engineering, University of Waterloo).  

Samples outside the calibration range (0-100 mg/L) were diluted to fall within the calibration range 

and dilution factors were applied to the results. All working standard solutions were prepared using 

Millipore quality water (18 MɋĀcm), acidified with reagent grade nitric acid to a concentration of 

0.3%. 

 

3.4 Characterization of Application-Specific Properties 

 

3.4.1 Rheology 

 

Solutions for rheological analysis were prepared by dissolving finely ground terpolymer samples 

in Millipore quality water or pH 7 buffer (prepared as described for GPC; Section 3.3.3); solutions 

were made to have a concentration of 0.01 g/mL. A stress-controlled cone and plate rheometer 

(AR2000, TA Instruments) was used to measure the viscoelastic properties of the polymer 

solutions. An environmental test chamber (ETC) steel cone with 40 mm diameter and 1° angle was 

used for all tests, and all measurements were taken at 25°C. Select independent replicates were 

performed, and additional details are available in Appendix C, Section C.5. 

 

3.4.2 Enhanced Oil Recovery 

 

The optimal terpolymers designed for enhanced oil recovery were evaluated using specialized 

equipment (capable of simulating oil reservoir flooding on a lab scale) at the University of New 

Brunswick, Department of Chemical Engineering. Experimental procedures reported by 

Riahinezhad et al. [117] were used as a guideline, and details specific to the current investigation 

are presented in what follows. Generally speaking, the EOR application performance was 

evaluated in two phases. Phase I (described in Section 3.4.2.1) measured polymer flow 
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performance in unconsolidated porous media (that is, the sand-pack simulating an oil reservoir) 

and Phase II (described in Section 3.4.2.2) determined oil recovery efficiency through polymer 

flooding experiments. 

 

3.4.2.1 Phase I: Polymer Flow Performance Testing 

 

Phase I provides information about how each polymeric material behaves in solution as it is 

injected into the reservoir. The lab-scale experimental set-up used to simulate an oil reservoir is 

called a sand-pack system, and a schematic is shown in Figure 3.2. 

 

 
Figure 3.2: Experimental Set-Up for Sand-pack Flooding Tests  

 

The sand-pack system makes it possible to examine polymer flow behaviour through porous media 

(representative of oil reservoirs). The sand-pack used for this series of investigations contains 

Quikrete sand, and the particle size distribution of the sand is provided in Figure 3.3.  
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Figure 3.3: Particle Size Distribution of Sand for Sand-pack Flooding Tests 

 

The sand-pack geometry is also an important consideration in this experimental stage and is shown 

(along with additional experimental conditions) in Table 3.3. The system geometry is relevant to 

determine the required flow rate and is necessary for determining the porosity and permeability of 

the sand-pack. The injection flow rate was selected to simulate an average linear velocity of 1 

ft/day (similar to real conditions in oil fields); the linear velocity of 1 ft/day is equivalent to the 

volumetric flow rate of 0.18 ml/min (given the cross-sectional area of the sand-pack cylinder).  

 

Table 3.3: Sand-pack Characteristics and Experimental Conditions 

Property Value 

Length 15.30 cm 

Diameter 3.30 cm 

Cross sectional area 8.55 cm2 

Pump flow rate   0.18 ml/min 

 

The procedure for a typical polymer flow performance test is described below. Estimates of 

volume requirements are provided in Appendix C, Section C.6. 

 

1. Sand-pack preparation and characterization: The rigid cylinder (sand-pack system shown 

in Figure 3.2) was packed with sand. Then, the characteristics of the sand-pack (pore 

volume, porosity and permeability) were measured. Brine was injected into the sand-pack 

until the porous medium was fully saturated. The pore volume (PV) was established as the 

total volume of brine that could be injected into the system, the porosity was calculated 

from the total volume of the cylinder, and the permeability was experimentally determined 

using Darcyôs Law.   
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2. Brine injection #1: 1 pore volume (PV) + 1 dead volume (DV) of brine were injected into 

the sand-pack system. The synthetic brine that was used in this test (and subsequent 

polymer flooding tests) had a composition inspired by real conditions in oil reservoirs in 

Alberta, Canada (see Table 3.4).  

 

Table 3.4: Composition of Synthetic Brine 

Salt wt % 

NaCl 1.72 

MgCl2 0.04 

CaCl2 0.33 

Na2SO4 0.01 

Total Dissolved Solids 2.10 

 

3. Polymer solution injection: A 1 wt% polymer solution was prepared for polymer flooding. 

During the preparation of the polymer solution, it was essential that the polymer be ground 

into a fine powder. Also, adding the polymer gradually ensured that a homogeneous 

polymer solution was obtained. The required volume for this stage was equivalent to 2 PV 

+ DV, with an additional 10 mL included for expected sample losses. 

 

4. Brine injection #2: After polymer flooding, the sand-pack was further injected with brine. 

In this case, 4 PV + DV was required to remove the majority of the polymeric material 

from the sand-pack.  

 

The full procedure was completed at least twice for each of the polymeric materials (Opt1, Opt2 

and a reference polymer). The reference polymer used was a combination of two commercially 

available materials (both in the Alcoflood family); this made it possible to use a reference material 

with a molecular weight average similar to the designed terpolymers. Characteristics of the 

reference polymer are provided in Table 3.5. 

 

Table 3.5: Composition of Reference Polymer for EOR Testing 

Polymer MW  (g/mol) Mass Fraction 

HPAM Alcoflood 254S  500,000 0.81 

HPAM Alcoflood 935X 5,000,000 0.19 

Average MW  

(based on terpolymer properties) 
1,370,000  

 

The purpose of Phase I testing was primarily to establish the resistance factor (RF) and the residual 

resistance factor (RRF) for each polymeric material. The RF provides information about the 

effective viscosity (mobility control capability) of the polymer solution in porous media relative 

to water. Therefore, higher RF values typically indicate that polymer flooding will be more 

successful. The definition of RF is provided in Equation 3.1. 
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Where ɚw and ɚp are the mobility of the water and polymer solution, respectively. Also, ɚw can be 

replaced with ɚb (where b is brine), since the flood water used in these experiments was a brine 

solution. k represents the permeability of the porous media and ɛ represents the viscosity of the 

water or the polymer solution. The permeability, k, is calculated from Darcyôs Law (Equation 3.2). 

 

Ὧ ρπππ 
ὒ

ὃ
 ‘ ὗ 

ρ

ὖ ὖ
 3.2 

Where Q is the volumetric flow rate (ml/s), Po and Pi are the outlet and inlet fluid pressures (atm), 

ɛ is the fluid dynamic viscosity (centipoise, cP), L is the length of the sand-pack (cm), and A is 

the cross-sectional area of the sand-pack (cm2). 

 

By combining Equations 3.1 and 3.2 (assuming a fixed flow rate and knowing that the geometry 

is invariant), the measurement of the RF can be simplified as shown in Equation 3.3. 
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Where ȹP is the pressure difference across the sand-pack at steady state conditions. 

 

In contrast, the RRF provides information about polymer retention and adsorption onto solid 

surfaces within the reservoir (adsorption is usually physical in nature; chemisorption is less 

common). Any retention can lead to permeability reduction within the sand-pack (or, more 

broadly, the reservoir), and can cause potential injectivity issues. Therefore, lower RRF values are 

more desirable for EOR. 

 

As shown in Equation 3.4, the RRF is defined as the ratio of the mobility of water (or brine) before 

polymer injection (that is, brine injection #1) to the mobility of water (or brine) after polymer 

flooding (that is, brine injection #2). However, it can also be rewritten in terms of the pressure 

difference across the sand-pack before and after polymer solution injection (Equation 3.5). 
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 3.5 

 

3.4.2.2 Phase II: Polymer Flooding Tests 

 

Polymer flooding tests were carried out using the same experimental set-up shown in Figure 3.2 

and at reservoir conditions similar to real conditions. The major difference in the experimental 
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process (compared to the tests in Section 3.4.2.1) was the addition of an oil injection step (step 2 

below).  

 

During each injection step, injection time, flow rate, pressure readings, and volume of oil produced 

were recorded. Also, at the end of each stage, the oil and brine saturation in the sand-pack and the 

oil recovery were calculated. The general procedure for a typical heavy oil displacement test is 

described in steps 1 through 6 below. Again, experimental details are provided in Appendix C, 

Section C.6. 

 

1. Sand-pack preparation and characterization: as per step 1 in the Phase I test; see Section 

3.4.2.1. 

 

2. Heavy oil injection: 2 pore volumes (PV) + 1 dead volume (DV) of oil were injected into 

the sand-pack system. The oil used in these tests (provided by Husky Energy, Canada) was 

diluted with natural condensate (provided by Corridor Resources Inc., Canada) to obtain a 

viscosity of 3.93 Pa·s at 25°C. 

 

3. Brine injection #1: The first brine injection is essentially a water flooding stage. 4 PV + 1 

DV brine (with the composition shown in Table 3.4) were injected into the sand-pack at 

constant flow rate (0.18 mL/min). 

 

4. Polymer solution injection: In this step, a 1 wt% polymer solution was prepared for 

polymer flooding. As mentioned in Phase I, using a fine powder and gradually adding it to 

the solution helped with solution preparation. The total volume injected during this 

polymer flooding step was 1 PV + DV (flow rate = 0.18 mL/min), with an additional 10 

mL included for sample losses.  

 

5. Brine injection #2: This is the post-polymer water flooding stage. Here, additional brine (2 

PV + DV) was injected into the sand-pack at 0.18 mL/min. This ensured that as much oil 

as possible would be produced from the reservoir.  

 

6. Determination of oil production: In order to measure the volume of oil produced, the output 

fluid was collected from the sand-pack in a separation funnel (of known mass). After 

several days (usually 4 to 7 days), most of the oil and brine mixture had separated. 

However, in some cases (if the separation of water was difficult), a known amount of 

toluene was added to the output fluid to force the rapid removal of residual water. When 

only oil remained in the funnel, the mass of the oil-containing funnel was measured, which 

made it possible to calculate the mass and the volume of the oil produced. 
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The primary objective at this stage is to determine the overall percentage of oil recovery that can 

be obtained from polymer flooding. This is essentially the sum of the oil recovery after water 

flooding (step 3 above), polymer flooding (step 4 above) and post-polymer water flooding (step 5 

above). It can also be informative to look at the incremental oil recovery. This provides a measure 

of óhow much moreô oil can be recovered from polymer flooding compared to simple water 

flooding. Therefore, this is a combination of the recovery contributions from the polymer flooding 

stage (step 4 above) and the post-polymer water flooding stage (step 5 above).   
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Chapter 4. Results and Discussion for Case Study #1 ï Enhanced 

Oil Recovery 
 

4.1 Screening Experiments 

 

The results and discussion provided in this section have largely been published in recent work by 

Scott, Duever and Penlidis [81].  

 

The screening experiments described in Section 3.2.1 make it possible to examine the effects of 

important factors (namely, pH, ionic strength and monomer concentration) on the 

terpolymerization of 2-acrylamido-2-methylpropane sulfonic acid (AMPS), acrylamide (AAm) 

and acrylic acid (AAc). A good understanding of how these factor levels affect terpolymerization 

reactivity ratios, and terpolymer composition, microstructure and molecular weight paves the way 

for the synthesis of custom-made polymers for specific applications.  

 

4.1.1 Effect of pH 

 

As mentioned in Section 2.4.1, changes in solution pH affect the degree of dissociation (and 

therefore the charge) of acidic monomers and the resulting polymer. By grouping the screening 

experiments according to pH level (that is, pH level constant with varying ionic strength and 

monomer concentration), it is possible to estimate ternary reactivity ratios at each pH level. The 

screening runs (from Table 3.1) used for each analysis and the resulting reactivity ratio estimates 

(obtained using full conversion data and cumulative terpolymer composition to obtain ternary 

reactivity ratios) are shown in Table 4.1. Again, note that at each pH, there is a pre-polymerization 

recipe rich in each of the three comonomers. For all estimation steps, preliminary estimates were 

taken from recent work [80]; in all cases, monomer 1 is 2-acrylamido-2-methylpropane sulfonic 

acid (AMPS), monomer 2 is acrylamide (AAm) and monomer 3 is acrylic acid (AAc).  

 

Table 4.1: pH Effects on Ternary Reactivity Ratio Estimates for AMPS/AAm/AAc (M1/M2/M3) 

pH Data from Run # r12 r21 r13 r31 r23 r32 

5 S2, S6, S8 0.96 0.53 0.25 1.22 1.55 0.51 

7 S1, S3, S4 1.14 0.66 0.45 0.99 1.48 0.42 

9 S5, S7, S9 1.12 0.53 0.32 1.56 2.07 0.55 

 

The estimation results at varying pH levels do not show any clear correlation between pH and 

reactivity ratio estimates; most values for a given parameter (say rij; óverticalô comparison within 

Table 4.1) are close together. However, the point estimates only provide part of the story. The joint 

confidence regions (JCRs, or error ellipses) for the parameter estimates should also be examined, 

as they provide additional information about possible parameter correlation and degree of 
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confidence for each estimate. JCRs for all three pH levels and all ternary reactivity ratio pairs are 

presented in Figure 4.1. 

 

 
Figure 4.1: Comparison of Reactivity Ratio Estimates for AMPS/AAm/AAc at pH 5, 7 and 9 

 

Figure 4.1 provides significantly more information than the numerical estimates of Table 4.1. First, 

we can evaluate the area of the JCRs associated with each pH level. At pH 5 and pH 7, the JCRs 

are small, which indicates a high degree of confidence in the estimates. At pH 9, the JCRs are 

larger, which suggests more uncertainty. This may be related to the fact that other variables 

(namely ionic strength and monomer concentration) are not held constant, which affects the 

precision of the parameter estimates. Alternatively, fewer data points are available for Run S9 as 

it had an unusually long induction time, so the parameters are being estimated from a smaller (and 

therefore less informative) data set.  

 

A second observation from Figure 4.1 is related to the overlap in JCRs, especially for the 

AMPS/AAm and AAm/AAc comonomer pairs. This agrees with the numerical results shown in 

Table 4.1, which indicate that most parameter estimates are close together. According to Figure 

4.1, there is no statistically significant difference between parameter estimates for the AMPS/AAm 

and AAm/AAc comonomer pairs at pH 5 and pH 9. Distinct JCRs (that is, without overlap) are 

visible for the AMPS/AAc copolymer pair, which suggests that the acidic comonomers may be 

more affected by changes in pH. This agrees with physicochemical expectations, as the degree of 

acid dissociation is likely to be influential in the pH range being studied.  
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Given prior investigations of pH effects (especially for the AAm/AAc copolymer [85, 97-99]), one 

might expect bigger differences in the reactivity ratios at different pH levels. However, it is 

important to keep in mind that these results are under specific conditions, where several variables 

are being manipulated simultaneously. pH effects are largely due to acid dissociation and charge 

effects. Therefore, adding sodium chloride to the recipe (to adjust ionic strength) increases charge 

screening, reducing acrylic acid repulsion and moderating the effect that a pH increase would have 

in isolation.  

 

The final takeaway from Figure 4.1 is the shape and orientation of the JCRs. All JCRs are 

somewhat óstretchedô in one direction, which indicates more uncertainty associated with one of 

the parameters. This phenomenon has been described in recent work [6] and is likely related to the 

absolute value of the parameter estimate; a larger absolute value results in more uncertainty. It is 

also important to note that the JCRs are either horizontal or vertical (not on a diagonal). This 

indicates that parameter correlation is minimal, thanks to well-designed experimental runs based 

on the error-in-variables model.  

 

In referring again to the numerical estimates of Table 4.1, it is interesting to note that at each pH 

level, the relationship between reactivity ratios for a given comonomer pair remains consistent. 

That is, for any subset of screening runs, r12 > r21, r13 < r31 and r23 > r32. Therefore, regardless of 

pH, the degree of incorporation of each comonomer remains relatively constant. This is confirmed 

by using the reactivity ratio estimates from Table 4.1 to predict the cumulative terpolymer 

composition at pH 5, pH 7 and pH 9 given the AAm-rich recipe (fAMPS,0/fAAm,0/fAAc,0 = 0.1/0.8/0.1); 

see Figure 4.2.  

 

 
Figure 4.2: Predicted Cumulative Composition from Screening Experiments for  

AAm-rich Terpolymer at pH 5, 7 and 9  
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The relationship between reactivity ratios for comonomer pairs becomes even more interesting 

when the experimental results are compared to the (previously determined [80]) preliminary 

estimates. Scott et al. [80] estimated ternary reactivity ratios for AMPS/AAm/AAc using data 

collected at pH 7, with constant ionic strength (IS = 0.9 M) and monomer concentration ([M] = 

1.0 M). Therefore, it is straightforward to compare two sets of reactivity ratios from data obtained 

at pH 7: the current estimates (with varying IS and [M]) versus earlier estimates (with constant IS 

and [M]). 

 

Table 4.2: Reactivity Ratio Estimates at pH 7 with Varying and Constant IS and [M] 

Experimental 

Conditions 

r12 
 

r21 r13  r31 r23  r32 

Current study [81]: pH 7 

1.2 M < IS < 1.8 M 

0.5 M < [M] < 1.5 M 

1.14 > 0.66 0.45 < 0.99 1.48 > 0.42 

Scott et al. [80]: pH 7 

IS = 0.9 M 

[M] = 1.0 M 

0.66 < 0.82 0.82 > 0.61 1.61 > 0.25 

 

The key takeaway from Table 4.2 is the shift in relationship for two of the comonomer pairs. As 

discussed already, the current experimental results indicate that r12 > r21 and r13 < r31 in all cases 

(recall Table 4.1). In contrast, the reactivity ratio estimates determined by Scott et al. [80] show 

the opposite: r12 < r21 and r13 > r31. Since the pH is the same for these two data sets, it is possible 

to conclude that this ócross-overô behaviour is not a result of pH effects. The most significant 

difference (aside from varying IS and [M] vs. constant IS and [M]) is the increased ionic strength 

used in the current experiments. This provides further motivation to investigate the effects of ionic 

strength on ternary reactivity ratios of AMPS/AAm/AAc (see Section 4.1.2). Specifically, if we 

can learn more about how ionic strength creates a cross-over point (at which rij å rji), we can target 

specific reaction conditions to create custom-made materials with desirable properties. 

 

In summarizing the effect of pH on the terpolymerization of AMPS/AAm/AAc, the following 

remarks can be made: 

1. No clear correlation exists between pH and reactivity ratio estimates for the range of 5 to 9.  

2. The largest JCRs (and therefore the most uncertainty) were observed for reactivity ratio 

estimation at pH 9. 

3. Acidic comonomers (AMPS and AAc) seem to be more affected by changes in pH.  

4. pH effects are likely masked by salt addition in this type of screening design.  

5. Well-designed experiments (using the error-in-variables model) minimize parameter 

correlation. 

6. Cross-over behaviour was observed for AMPS/AAm and AMPS/AAc comonomer pairs 

(current designs [81] vs. Scott et al. [80]); both data sets are at pH 7, therefore cross-over 

behaviour is due to some other factor effect. 
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4.1.2 Effect of Ionic Strength 

 

Ionic strength is an important factor to consider during the synthesis of polyelectrolytes. As 

discussed in Section 2.4.2, adding counter-ions (in the form of salt) to a pre-polymerization 

solution can reduce repulsion between charged monomers and polymer chains. This effectively 

neutralizes the charged molecules (dissociated AMPS and/or acrylic acid, in this case), which 

minimizes repulsion and increases the rate of polymerization.  

 

The design of experiments used requires that the ólowô (-1) level for ionic strength be 1.2 M. This 

is the result of high monomer concentration and a high proportion of acidic monomer in a ólowô 

ionic strength run. Specifically, in Run S5 (from Table 3.1), a total monomer concentration of 1.5 

M and full dissociation of AMPS and AAc comonomers result in an ionic strength of 1.2 M before 

any NaCl is added to the recipe. Therefore, the ólowô (-1) ionic strength level is necessarily 1.2 M. 

This imposes a relatively high range for the ionic strength investigation, but this is a consequence 

of using the specific experimental design for such a complex polymerization. 

 

The data from the experiments were grouped according to ionic strength for reactivity ratio 

estimation. As explained previously, ternary reactivity ratios were estimated for the 

AMPS/AAm/AAc terpolymer at each ionic strength level (with varying pH and monomer 

concentration). The trials used for each analysis and the resulting reactivity ratio estimates 

(obtained as described in Section 4.1.1) are shown in Table 4.3. 

 

Table 4.3: Ionic Strength (IS) Effects on Ternary Reactivity Ratio Estimates for  

AMPS/AAm/AAc (M1/M2/M3) 

IS Data from Run # r12 r21 r13 r31 r23 r32 

1.2 M S2, S4, S5 0.90 0.65 0.24 1.08 1.87 0.52 

1.5 M S1, S8, S9 13.19 0.68 0.48 27.02 7.47 0.70 

1.8 M S3, S6, S7 1.11 0.54 0.46 1.35 1.65 0.55 

 

Given the reactivity ratios estimated at all three ionic strength levels, there is an obvious difference 

at IS = 1.5 M. For each reactivity ratio pair at IS = 1.5 M, the larger parameter estimates (namely 

r12, r31 and r23) are much larger than under the other conditions. These values have likely been 

overestimated (due to more uncertainty associated with these parameters), and the JCRs will be 

examined to troubleshoot this aspect (see Figure 4.3). Inaccurate estimation may be due to the 

effects of non-constant pH and monomer concentration, or (as suggested for the pH 9 analysis, see 

Section 4.1.1) non-informative experimental data. 
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(a) 

 
(b) 

 

Figure 4.3: Comparison of Reactivity Ratio Estimates for AMPS/AAm/AAc 

at IS = 1.2 M, IS = 1.5 M and 1.8 M ((a) All Data and (b) Without the IS = 1.5 M Data) 

 

Examining the point estimates and joint confidence regions for these reactivity ratios confirms that 

there is substantial uncertainty for the IS = 1.5 M data. These long and narrow JCRs emphasize 

the uncertainty associated with r12, r31 and r23; since the error is associated with all three 

comonomers, parameter estimates can likely be improved by eliminating the confounding 

variables (that is, keeping pH and [M] constant during synthesis). If the uncertainty were related 
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to non-informative data or poor experimental design, one might expect the error to be more clearly 

associated with one specific comonomer.  

 

4.1.2.1 Ternary Reactivity Ratios for Constant pH and [M]  

 

The most likely cause for the error associated with IS = 1.5 M is the influence of changing pH and 

[M]. Consideration of non-constant variables is a necessary part of screening design analysis, but 

it seems that some combinations of runs are more prone to error (that is, more influenced by non-

constant variables) than others. Therefore, for improved reactivity ratio estimates at IS = 1.5 M, 

two supplemental runs were added to the experimental docket: Runs S10 and S11 (recall Table 

3.1). Both runs are informed by the EVM design of experiments for ternary reactivity ratio 

estimation and vary only in feed composition. The data from these runs can be combined with the 

data from Run S1 for accurate ternary reactivity ratio estimation at IS = 1.5 M, pH 7 and [M] = 

1.0 M. As an additional bonus, these runs are under similar conditions to previous work; Scott et 

al. [80] have reported ternary reactivity ratios for AMPS/AAm/AAc from data collected at IS = 

0.9 M, pH 7 and [M] = 1.0 M. Therefore, comparison of reactivity ratios can be performed for IS 

= 0.9 M and IS = 1.5 M, all else being equal. 

 

First, the data from Runs S1, S10 and S11 are revisited to estimate reactivity ratios at IS = 1.5 M. 

As before, full conversion data can be analyzed using the cumulative composition model. The 

point estimates here are much more reasonable (compared to the IS = 1.5 M results of Table 4.3) 

and the JCR areas have decreased significantly (see Figure 4.4). This confirms that controlling IS, 

pH and [M] gives more reliable parameter estimates.  

 

 
Figure 4.4: Reactivity Ratio Estimates for AMPS/AAm/AAc at IS = 1.5 M;  

Comparison of Results at Constant/Varying pH and [M]  
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Table 4.4: Ionic Strength (IS) Effects on Ternary Reactivity Ratio Estimates;  

Varying and Constant pH and [M] 

Experimental Conditions r12 
 

r21 r13  r31 r23  r32 

IS = 1.5 M 

5 < pH < 9 

0.5 M < [M] < 1.5 M 

Data from Run #: S1, S8, S9 

13.19 > 0.68 0.48 < 27.02 7.47 > 0.70 

IS = 1.5 M 

pH = 7 

[M] = 1.0 M 

Data from Run #: S1, S10, S11 

2.66 > 0.39 0.27 < 1.54 1.27 > 0.39 

IS = 0.9 M 

pH = 7 

[M] = 1.0 M 

Data from Scott et al. [80] 

0.66 < 0.82 0.82 > 0.61 1.61 > 0.25 

 

Aside from the improved degree of confidence associated with the parameter estimates, it is also 

possible to compare ternary reactivity ratios at IS = 1.5 M (current study [81]) to IS = 0.9 M (Scott 

et al. [80]), with constant pH and monomer concentration. This comparison, shown in the last two 

rows of Table 4.4, provides an interesting result: we see the same change in relationship for the 

AMPS/AAm and the AMPS/AAc comonomer pairs that was observed during the pH analysis 

(recall the comparison between screening experiments and preliminary estimates in Section 4.1.1). 

The cross-over behaviour observed for AMPS/AAm and for AMPS/AAc between IS = 0.9 M and 

IS = 1.5 M must be a result of changing ionic strength; all other variables are controlled. To find 

the true cross-over point (that is, the ionic strength at which r12 = r21 and r13 = r31), additional 

experiments would need to be performed for 0.9 M < IS < 1.5 M at pH 7 and [M] = 1.0 M. 

However, this result proves that ionic strength in this range can be manipulated to adjust these 

reactivity ratios, thus improving control over the degree of incorporation of each comonomer in 

the product terpolymer. Interestingly, only the comonomer pairs containing AMPS exhibit cross-

over behaviour in this range. Therefore, it is only possible to manipulate relationships between 

AMPS/AAm and AMPS/AAc by adjusting ionic strength. Cross-over behaviour for the AAm/AAc 

comonomer pair has not been observed under current conditions, but has been observed for the 

analogous AAm/AAc copolymer by Riahinezhad et al. [85], Cabaness et al. [97] and Rintoul and 

Wandrey [99]. The crossover point varies slightly from study to study, but ranges from pH 3.77 to 

pH 5. In all cases, rAAm > rAAc above the crossover point, but rAAm < rAAc in more acidic solutions. 

It is unwise to make extensions directly from the copolymer case to the terpolymer case [38], but 

terpolymer synthesis below pH 5 might reveal the AAm/AAc cross-over point. One could 

conceivably manipulate both solution pH and IS to exploit this cross-over behaviour, in order to 

influence reactivity ratio ranges for AMPS/AAm/AAc terpolymerization. 
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4.1.2.2 Cumulative Terpolymer Composition  

 

The change in reactivity ratio estimates (as ionic strength increases) can directly influence 

cumulative terpolymer composition. As an example, refer to the final two rows of Table 4.4; as 

ionic strength increases, both r21 and r23 decrease (from 0.82 to 0.39 and from 1.61 to 1.27, 

respectively). Physically, this suggests that the likelihood of acrylamide incorporation decreases 

as ionic strength increases; higher ionic strength (that is, more NaCl added) results in more charge 

screening, improving incorporation of the charged (acidic) monomers and reducing the 

incorporation of the acrylamide monomer. 

 

This observation can be confirmed by predicting cumulative terpolymer composition under 

different experimental conditions. Given ternary reactivity ratio estimates and initial feed 

compositions, the recast Alfrey-Goldfinger model [57] can be used to predict cumulative 

terpolymer composition as a function of conversion. As seen in Figure 4.5 and Figure 4.6, it is 

possible to compare the cumulative composition of different terpolymers of AMPS/AAm/AAc, 

given reactivity ratios estimated at IS = 0.9 M and IS = 1.5 M. Experimentally speaking, pH and 

[M] were controlled at 7 and 1.0 M, respectively. Therefore, any changes in composition are 

primarily due to changes in ionic strength.  

 

 
Figure 4.5: Cumulative Composition for AMPS-rich Terpolymer at IS = 0.9 M and 1.5 M 

 

The predicted cumulative composition profiles (confirmed with experimental data) in Figure 4.5 

reveal an important result. As ionic strength changes, the composition of the resulting terpolymer 

changes substantially. For IS = 0.9 M, Ὂ  Ὂ , but for IS = 1.5 M, Ὂ  Ὂ . This 
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agrees with what was observed when evaluating the reactivity ratios: higher ionic strength creates 

charge screening, reducing repulsion of the charged acrylic acid monomers. Therefore, an 

increased acrylic acid incorporation and a decreased acrylamide incorporation is visible. This is 

especially obvious for the AMPS-rich polymer, as the EVM-based design of experiments dictates 

an initial feed composition of fAMPS,0/fAAm,0/fAAc,0 = 0.8/0.1/0.1. An equimolar concentration for 

AAm and AAc (at least initially) emphasizes the fact that solution properties affect the degree of 

incorporation of each comonomer. 

 

To confirm that the increased ionic strength is reducing the acrylamide content in the product 

terpolymer, it is also possible to examine the acrylamide-rich terpolymer recipe. As shown in 

Figure 4.6, the cumulative mole fraction of AAm in the product terpolymer is significantly reduced 

at IS = 1.5 M, especially at low conversion. Since high acrylamide content and minimal 

composition drift are both desirable properties for the EOR application, solutions with lower ionic 

strength (IS = 0.9 M) seem like the more promising candidate for synthesizing AMPS/AAm/AAc 

terpolymers specifically for EOR. 

 

 
Figure 4.6: Cumulative Composition for AAm-rich Terpolymer at IS = 0.9 M and 1.5 M 

 

Before concluding the discussion about the effect of ionic strength on cumulative terpolymer 

composition, a brief comment on azeotropy is in order. In this case, the ternary reactivity ratios 

estimated for IS = 0.9 M do not exhibit an azeotrope. However, those estimated for IS = 1.5 M 

exhibit azeotropic behaviour at fAMPS,0/fAAm,0/fAAc,0 = 0.26/0.35/0.39. This further emphasizes the 

customization potential for AMPS/AAm/AAc as more information is obtained about the solution 

effects on polymerization kinetics. 
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4.1.2.3 Terpolymer Microstructure 

 

Terpolymer microstructure, an important property for customization of materials (as explained in 

Section 2.1.2.1), is only discussed as a function of ionic strength herein. Given two data sets where 

all solution conditions (pH, IS and [M]) are the same (prior work from Scott et al. [80] and Runs 

S1, S10, S11 from the current study [81]), it is possible to consider terpolymer microstructure at 

IS = 0.9 M and 1.5 M more consistently.   

 

The instantaneous triad fractions are calculated for demonstration and in order to get a general 

understanding about the system. This involves using all possible initial feed compositions (0 < fi,0 

< 1; В Ὢȟ ρ) and relevant reactivity ratios to calculate 18 possible triad fractions (recall 

Equations 2.4 to 2.6 and 2.10 to 2.15). As explained previously, 6 triads are centered around each 

monomer; the full list of triads is shown in Table 4.5. 

 

Since AMPS/AAm/AAc terpolymers are being investigated for enhanced oil recovery, the material 

should be acrylamide-rich with an equal distribution of anionic charges, as per references [32, 

118]. Therefore, given the triad fractions shown in Table 4.5, the goal is to minimize óblockyô 

homopolymer sections (highlighted in red) and to simultaneously maximize alternating behaviour 

for acidic (charged) comonomers. For the analysis, it can be assumed that AMPS and AAc are 

both fully dissociated (which is true for any pH > 5), so they both contribute to the desired charge 

density. Therefore, any triad fraction for which AMPS or AAc alternates with AAm is desirable; 

these fractions (the sum of which is to be maximized) are highlighted in green in Table 4.5. 

 

Table 4.5: Possible Triad Fractions for the AMPS/AAm/AAc Terpolymer 

AMPS (1)- centered AAm (2)-centered AAc (3)-centered 

A111 A222 A333 

A212 A121 A131 

A313 A323 A232 

A112+211 A221+122 A331+133 

A113+311 A223+322 A332+233 

A213+312 A123+321 A132+231 

 

To better visualize the instantaneous triad fractions, the likelihood of óblockyô sections occurring 

in the polymer chain can be plotted as a function of initial feed composition. This is achieved by 

summing the A111, A222 and A333 triad fractions at all feed compositions. Since the triad fractions 

can be predicted using reactivity ratios, the same analysis was completed using reactivity ratios 
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estimated from data at IS = 0.9 M and at IS = 1.5 M (recall Table 4.4). The results for both analyses 

are presented in Figure 4.7. 

 

As expected, the most óblockyô behaviour is exhibited for homopolymers (fAMPS,0/fAAm,0/fAAc,0 = 

1.0/0.0/0.0, 0.0/1.0/0.0, 0.0/0.0/1.0). The minimum changes somewhat as the ionic strength shifts 

from IS = 0.9 M to IS = 1.5 M, but the general trends are the same. In this case, the desire to 

synthesize a terpolymer and the desire to minimize óblockyô behaviour align: the óblockyô 

behaviour decreases as we move towards the center of the composition diagram. 

 

(a) 

 

 
 

(b) 

 

 
 

Figure 4.7: Prediction of Instantaneous óBlockyô Triad Fractions at IS = (a) 0.9 M and (b) 1.5 M 
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The charge distribution along the polymer backbone is considered next. Using Design Expert 

software, it is possible to minimize the óblockyô triad fractions and maximize the desirable triad 

fractions (that is, those with alternating behaviour of charged comonomers) simultaneously. 

Additional composition constraints were added (all fi,0 Ó 0.1) to ensure that the optimized recipes 

were, in fact, terpolymers. For both IS = 0.9 M and IS = 1.5 M, several solutions exist. Some feed 

compositions predict fewer óblockyô fractions, others predict more alternating ion behaviour. Both 

requirements are equally weighted for the current study, but more tailoring is possible. The results 

of both optimizations are presented in Table 4.6 and Figure 4.8. 

 

Table 4.6: Optimized Triad Fractions for Enhanced Oil Recovery 

(a) Given Reactivity Ratios Estimated at IS = 0.9 M, pH 7 and [M] = 1.0 M 

Solution # fAMPS,0 fAAm,0 fAAc,0 
óBlockyô 

(to minimize) 

Charge Dist. 

(to maximize) 
Desirability  

1 0.209 0.691 0.100 0.487 1.420 0.569 

2 0.100 0.750 0.150 0.603 1.508 0.536 

3 0.400 0.500 0.100 0.323 1.154 0.490 

4 0.500 0.400 0.100 0.305 1.039 0.403 

5 0.539 0.100 0.361 0.286 0.890 0.238 

6 0.100 0.100 0.800 0.386 0.854 0.159 

(b) Given Reactivity Ratios Estimated at IS = 1.5 M, pH 7 and [M] = 1.0 M 

Solution # fAMPS,0 fAAm,0 fAAc,0 
óBlockyô 

(to minimize) 

Charge Dist. 

(to maximize) 
Desirability  

1 0.412 0.459 0.129 0.255 1.100 0.521 

2 0.400 0.500 0.100 0.301 1.125 0.520 

3 0.500 0.400 0.100 0.330 1.121 0.507 

4 0.637 0.100 0.263 0.217 0.980 0.448 

5 0.100 0.800 0.100 0.521 1.139 0.437 

 

According to the low ionic strength results in Table 4.6a (IS = 0.9 M, pH 7 and [M] = 1.0 M), the 

desirability function is maximized for fAMPS,0/fAAm,0/fAAc,0 = 0.209/0.691/0.100. This result also 

aligns with the desire to use an AAm-rich terpolymer; AAm-rich copolymers (with AAc) have 

been successfully employed for enhanced oil recovery [117]. Alternatively, Solutions 2 and 3 

(again from Table 4.6a) also show promise. The exercise predicts that Solution 2 will have more 

blocky behaviour, but improved charge distribution over Solution 1. In contrast, Solution 3 has 

less blocky triad fractions, but the negative aspects are the lower AAm content and the poorer 

charge distribution. Solutions 4 through 6 are not considered further, as the AAm content is likely 

too low for the EOR application. 
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The high ionic strength results in Table 4.6b (IS = 1.5 M, pH 7 and [M] = 1.0 M) show lower 

desirability values for the top two solutions (compared to the IS = 0.9 M results). In general, the 

reactivity ratios estimated at higher IS predict less óblockyô triad fractions, but the charge 

distribution is not as good. This is likely due to the lower acrylamide content, both from a feed 

composition and an incorporation perspective (as shown in Section 4.1.2.2). Along the same line, 

most optimal feed compositions in Table 4.6b have low fAAm,0, which is not ideal for the EOR 

application. Given the optimized recipes, Solution 5 has the highest (therefore most desirable) 

AAm fraction, but the overall desirability is lower than for the optimal terpolymerizations at IS = 

0.9 M. 

 

(a) 

 

 
 

(b) 

 

 
 

Figure 4.8: Optimized Instantaneous Triad Fractions for Enhanced Oil Recovery at (a) IS = 0.9 M and (b) 

IS = 1.5 M (A = fAMPS,0, B = fAAm,0, C = fAAc,0) 
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As mentioned earlier, these instantaneous triad fractions were used to demonstrate the basic 

principles. Now, the cumulative terpolymer composition can be predicted as a function of 

conversion, given the most desirable feed compositions from Table 4.6. The most promising 

optimal recipes are examined for both IS = 0.9 M (Solutions 1, 2 and 3 of Table 4.6a) and IS = 1.5 

M (Solutions 1, 2 and 5 of Table 4.6b); corresponding cumulative terpolymer composition profiles 

are shown in Figure 4.9. 

 

In Figure 4.9a, all three feed compositions exhibit minimal composition drift. Therefore, along 

with composition, terpolymer triad fractions should remain relatively constant throughout 

conversion. As per previous EOR studies (for AAm/AAc copolymers), preference is given to 

materials with higher acrylamide content [32, 117]. Therefore, Solution 1 or Solution 2 of Table 

4.6a seem the most promising for future EOR testing. 

 

In Figure 4.9b, the three optimal feed compositions exhibit more composition drift. This is in 

agreement with earlier results (recall Figure 4.5 and Figure 4.6) but is not a desirable property for 

this application. Solutions 1 and 2 (from Table 4.6b) give similar results, but both end up being 

rich in AMPS. The most viable option at high ionic strength is Solution 5 (fAMPS,0/fAAm,0/fAAc,0 = 

0.100/0.800/0.100), since AAm is present in the highest proportion. However, as evidenced in 

Section 4.1.2.2, the high ionic strength limits AAm incorporation, and therefore the low ionic 

strength formulation is the better option. 

 

(a)  
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(b)  

 

Figure 4.9: Cumulative Terpolymer Composition Predictions from Optimized Triad Fractions  

at (a) IS = 0.9 M and (b) IS = 1.5 M 

 

In the next step of this enhanced oil recovery study, the most promising materials will be 

synthesized from acrylamide-rich recipes at IS = 0.9 M (fAMPS,0/fAAm,0/fAAc,0 = 0.209/0.691/0.100 

and 0.100/0.750/0.150). These are investigated further in what follows; the experimental 

methodology has been described in Section 3.2.2 and the results are discussed in Section 4.2.  

 

4.1.3 Effect of Monomer Concentration 

 

In Section 2.4.3, the effect of monomer concentration on terpolymerization kinetics was discussed. 

For related copolymer systems, monomer concentration has an impact on reactivity ratios [85, 86, 

99]. This is likely due to the change in monomer concentration influencing the ionic strength; 

higher monomer concentration results in a higher concentration of charged monomers, thereby 

influencing the ionic strength and associated charge effects described previously. 

 

Again, in this case, reactivity ratios are estimated (for the sake of completeness), and properties 

that are expected to be more affected by [M] (namely, molecular weight averages) are evaluated.  

 

Table 4.7: [M] Effects on Ternary Reactivity Ratio Estimates for AMPS/AAm/AAc (M1/M2/M3) 

[M]  Data from Run # r12 r21 r13 r31 r23 r32 

0.5 M S4, S6, S9 1.05 0.65 0.30 1.14 1.81 0.54 

1.0 M S1, S2, S7 1.26 0.56 0.27 1.82 2.45 0.50 

1.5 M S3, S5, S8 1.06 0.56 0.44 0.94 1.19 0.47 
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In Table 4.7 and Figure 4.10, there are no obvious trends visible; the reactivity ratios do not tend 

in a particular direction as monomer concentration increases. Many of the reactivity ratio estimates 

are similar at different [M] levels (at least for the range and conditions considered), especially the 

AMPS/AAm comonomer pair (r12 and r21 estimates). As discussed in Section 4.1.1, reactivity 

ratios associated with acrylic acid seem to have more variability. Again, this may be because the 

incorporation of acidic comonomers (especially AAc) is more affected by changes in the pre-

polymerization solution. 

 

 
Figure 4.10: Comparison of Reactivity Ratio Estimates for AMPS/AAm/AAc  

at [M] = 0.5 M, 1.0 M and 1.5 M 

 

As shown in Figure 4.10, some overlap exists among JCRs for each comonomer pair. In the same 

way as for the pH effect estimates (Figure 4.1) and the IS effect estimates (Figure 4.3), one set of 

JCRs is much larger than the other two. In this case, the reactivity ratio estimates obtained from 

data at [M] = 1.0 M show the most uncertainty, especially for r12, r31 and r23. Interestingly, the runs 

used for estimation are Runs S1, S2, and S7 (see Table 4.7, and refer to Table 3.1 for detailed 

experimental conditions). Therefore, no ócommon denominatorô exists between the three 

estimations that exhibited higher error. Uncertainty is most likely related to the confounded effects 

of pH, ionic strength and monomer concentration.  
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4.1.3.1 Terpolymer Molecular Weights 

 

Finally, the peak average molecular weights (ὓp) of all trials are examined. Samples at similar 

conversion levels (~30%) were selected for analysis, which ensures that any variation in molecular 

weight is a result of synthesis conditions. Again, the polymer samples are influenced by varying 

pH, ionic strength and monomer concentration. The results are categorized by feed composition 

and are presented in Figure 4.11. 

 

(a) 

 

(b) 

 

(c) 

 
Figure 4.11: Effect of Monomer Composition on Peak Average Molecular Weights for 

fAMPS,0/fAAm,0/fAAc,0 = (a) 0.8/0.1/0.1, (b) 0.1/0.2/0.7 and (c) 0.1/0.8/0.1 

 

As mentioned in Section 3.2.1, the initiator concentration was adjusted alongside the monomer 

concentration to ensure that a constant [M]/[I]1/2 ratio was maintained. This made it possible to 

target molecular weight averages that are desirable for enhanced oil recovery (on the order of 106 
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g/mol). The effect of [M] on ὓ  is so significant that it is visible despite other confounding 

variables; even as pH and IS vary, there is still a clear increase in ὓp as [M] increases for all three 

feed compositions (Figure 4.11). 

 

It is also interesting to observe the effect of feed composition on ὓ . The acrylamide-rich system 

(Figure 4.11c) exhibits the highest molecular weight averages of the three optimal terpolymer 

recipes, at least for the experimental conditions and conversion levels studied. As discussed earlier, 

high molecular weights are desirable for the enhanced oil recovery application; once again, the 

acrylamide-rich material is a promising candidate for EOR.   

 

4.1.4 Effect of High NaCl Content 

 

Due to the high ionic strength (and necessarily high salt content), we observed that sodium chloride 

remained present in the polymer samples at an approximate 1:1 ratio with acrylamide. This was 

initially deduced from elemental analysis results and uncharacteristically high conversion 

measurements, and subsequently independently confirmed for select samples via inductively 

coupled plasma emission spectrometry (ICP). 

 

4.1.4.1 Conversion as an Indicator 

 

For the AMPS/AAm/AAc screening experiments, the ólowô level of ionic strength (IS) was 

necessarily 1.2 M. In run S5, a total monomer concentration of 1.5 M and full dissociation of the 

acidic comonomers give an ionic strength of 1.2 M before any NaCl is added to the recipe. This 

imposes a relatively high range of ionic strength levels, and in some cases a large amount of NaCl 

was added to the pre-polymerization solution to adjust the ionic strength. The mass of NaCl added 

to each screening experiment is shown in Table 4.8. 

 

Table 4.8: NaCl Addition for the AMPS/AAm/AAc Terpolymerization Screening Design 

Run # pH IS [M]  Feed Composition 

(fAMPS,0/fAAm,0/fAAc,0) 

NaCl Added (g) 

S1 7 1.5 M 1.0 M 0.1/0.2/0.7 8.20 

S2 5 1.2 M 1.0 M 0.8/0.1/0.1 3.69 

S3 7 1.8 M 1.5 M 0.8/0.1/0.1 5.23 

S4 7 1.2 M 0.5 M 0.1/0.8/0.1 12.85 

S5 9 1.2 M 1.5 M 0.1/0.2/0.7 0.00 

S6 5 1.8 M 0.5 M 0.1/0.2/0.7 16.92 

S7 9 1.8 M 1.0 M 0.1/0.8/0.1 18.70 

S8 5 1.5 M 1.5 M 0.1/0.8/0.1 14.26 

S9 9 1.5 M 0.5 M 0.8/0.1/0.1 12.27 
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The mass of NaCl required is not only influenced by the desired ionic strength, but also by the 

ionic contributions of acidic comonomers in the monomer feed. Since both AMPS and AAc 

dissociate, they both contribute to the ionic strength of a pre-polymerization solution. Therefore, 

in general, less salt needs to be added to increase the IS to a target value. In contrast, AAm-rich 

recipes rely more on NaCl addition to increase the IS to the desired value. This is evidenced in 

Table 4.8: the average NaCl added for AMPS-rich and AAc-rich recipes are 7.06 g and 8.37 g 

respectively, whereas the average NaCl added to AAm-rich recipes is 15.27 g. 

 

A side-effect of this high salt content (especially for the AAm-rich recipes) became clear when the 

conversion levels of polymer samples were measured as a function of time; conversion levels were 

consistently higher than 100%. Run S7, for example, which has the highest mass of NaCl added, 

plateaued at a conversion level of 150% (see Figure 4.12). This conversion vs. time profile is 

contrasted with an equivalent run from Scott et al. [80]; both had an initial feed composition of 

fAMPS,0/fAAm,0/fAAc,0 = 0.1/0.8/0.1 and a total monomer concentration of 1.0 M. Ionic strength and 

pH varied from run to run, but these factors generally have a minor effect on the rate of 

polymerization. 

 

 
Figure 4.12: Effect of High NaCl Content on the Conversion Level of AMPS/AAm/AAc 

(fAMPS,0/fAAm,0/fAAc,0 = 0.1/0.8/0.1 and [M] = 1.0 M); with data from Scott et al. [80] 

 

This behaviour, which was also observed for S8 and S11, was the first indication that the mass of 

NaCl was affecting the final mass (and subsequently, the measured conversion) of acrylamide-rich 

polymers.  

 

To selectively troubleshoot this unusually high conversion, several additional runs were performed 

for polyacrylamide homopolymers (PAAm). The experimental conditions were selected such that 

the NaOH and NaCl addition varied according to Table 4.9, and the monomer concentration was 

consistently 1.0 M. pH control proved to be much more challenging for the PAAm homopolymer 

than for the terpolymers. Despite the fact that no acidic monomers were present, the initiator (4,4ǋ-

azo-bis-(4-cyanovaleric acid), ACVA) reduced the pre-polymerization solution to pH 3. With and 



87 

 

without the addition of NaCl, a pH decrease was observed throughout the ósolution preparationô 

stage for each recipe. Also, since little or no sodium hydroxide was included in the recipe, 

dissolution of ACVA took much longer than it did in standard terpolymerization syntheses. 

Therefore, in some cases, a ótime 0ô sample was analyzed to check for premature polymerization. 

 

Table 4.9: PAAm Salt Study Experiments 

Run # NaOH NaCl pH IS 

PAAm1   3 0.0 M 

PAAm2 ṉ  7 0.0 M 

PAAm3 ṉ ṉ 7 1.8 M 

PAAm4 ṉ ṉ 11 1.8 M 

PAAm5  ṉ 3 1.8 M 

 

Finally, it is important to note that PAAm5 could not be fully evaluated. The addition of ACVA 

brought the solution to pH 3, but after three hours of mixing the solids had not dissolved (see 

Figure 4.13; these solutions are normally transparent and colourless).  Therefore, this combination 

of pH and ionic strength was not suitable for the terpolymerization of PAAm.  

 

 
Figure 4.13: Poor Dissolution of Solids in PAAm5  

 

A comparison of conversion vs. time profiles for PAAm with and without NaOH and/or NaCl 

confirms what was observed during the screening experiments (recall Figure 4.12). In Figure 4.14, 

both experiments that were performed without NaCl (PAAm1 and PAAm2) plateaued at 100%. 

The two profiles are similar, which suggests that the NaOH addition (and, by extension, the 

solution pH) does not affect the rate of polymerization or the mass of the product polymer. This is 

as expected, as the screening experiments indicated that the incorporation of AAm was less 

affected by pH (compared to AMPS and AAc). 
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In contrast, both experiments that had NaCl added to the recipe showed almost 200% conversion. 

The change in pH (between PAAm3 and PAAm4) may have had a slight effect on the rate of 

polymerization, but the important observation here is the extraordinarily high conversion values. 

This validates the high conversion levels calculated earlier; this is in fact due to the combination 

of acrylamide and high NaCl. Since conversion levels are almost exactly twice the expected values 

(and NaCl and AAm have similar molecular weights), the most likely explanation is that NaCl is 

incorporating at a 1:1 molar ratio with acrylamide through a weak physical bond.  

 

 
Figure 4.14: Effect of High NaCl Content on the Conversion Level of PAAm at [M] = 1.0 M 

 

If the mass of each sample is numerically adjusted to include NaCl mass (on a 1:1 molar basis), 

45.1wt% of each sample is NaCl and the remainder is PAAm. This effectively reduces the 

conversion values by a half, providing much more reasonable results as shown in Figure 4.15. 
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Figure 4.15: Conversion Level Adjustment (NaCl Consideration) for PAAm at [M] = 1.0 M 

 

For now, this is only a numerical adjustment, but the implications are promising. In what follows, 

the salt retention assumption was confirmed by looking at the polymer composition. However, as 

a preliminary check, the S7 profile shown in Figure 4.12 can be revisited. Using the feed 

composition (80 mol% AAm in this case) as a rough approximation, it is possible to divide the 

total sample mass into polymer and NaCl contributions; sample conversion calculations for run S7 

are shown in Appendix C, Section C.1. 

 

As shown in Equation C.6, the NaCl adjustment gives a calculated conversion of 98.9% for S7-10 

(Sample 10 from Run S7). This result is much more reasonable than the ñcalculation artifactò of 

153.5% conversion, which was shown in Figure 4.12. Therefore, taking salt incorporation into 

account seems reasonable based on these results. The final step, which is typical of all 

AMPS/AAm/AAc terpolymerization analyses, is to consider the additional Na+ mass that is bound 

to dissociated AMPS and AAc comonomers (where the Na+ ions are present from titration with 

NaOH; the NaAMPS and NaAAc comonomers are incorporated into the product terpolymer) [84]. 

The detailed calculations for Na+ content are presented in Appendix C (specifically Equation 

C.14). For now, suffice it to say that the presence of Na+ further (slightly) decreases the total 

polymer mass, thus decreasing the calculated conversion. The updated conversion vs. time profile 

for Run S7 is provided in Figure 4.16, and similar behaviour was seen once the same numerical 

adjustments were made for other screening runs.  
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Figure 4.16: High NaCl Mass Adjustment for the Conversion of AMPS/AAm/AAc ( fAMPS,0/fAAm,0/fAAc,0 = 

0.1/0.8/0.1 and [M] = 1.0 M); with data from Scott et al. [80] 

 

4.1.4.2 Composition as an Indicator 

 

Next, the sample composition was investigated (measured through elemental analysis). Nitrogen, 

carbon, hydrogen and sulfur can be measured, which means that the fraction of any additional 

expected elements (like oxygen, sodium, etc.) must be inferred. Typically, if the contributions of 

additional elements are estimated using stoichiometry, the elemental contributions of all 

components sum to ~100%. Take, for example, Run S5, where no NaCl was added to the recipe; 

results and sample calculations are shown in Appendix C, Section C.2. 

 

As shown in Table C.1, the sum of elements is almost exactly 100% for all S5 samples. However, 

for the acrylamide-rich copolymers with high NaCl addition, this was not the case. As discussed 

previously, Run S7 had 18.70 g NaCl added to the recipe prior to polymerization. In following the 

same calculations described for Run S5 (in Appendix C, Section C.2), the results of Table 4.10 

were obtained. 
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Table 4.10: Analysis of Elemental Contributions for Run S7 

 wt% N  wt% C  wt% H  wt% S wt% O  

(polymer) 

wt% O 

(H2O) 

wt% Na Total 

wt%  

S7-2 8.00 26.27 4.02 2.51 14.61 3.36 3.03 61.80 

S7-3 7.37 24.66 3.74 2.75 13.94 2.80 2.98 58.24 

S7-4 7.16 23.58 3.55 2.36 13.15 2.50 2.73 55.03 

S7-5 5.83 19.73 2.92 2.11 11.21 1.75 2.51 46.07 

S7-6 5.04 17.08 2.51 1.95 9.74 1.36 2.16 39.84 

S7-7 5.71 19.26 2.83 2.18 10.95 1.50 2.40 44.83 

S7-8 5.90 19.60 2.91 2.09 11.01 1.74 2.32 45.57 

S7-9 5.72 19.15 2.94 2.06 10.81 2.52 2.34 45.54 

S7-10 7.99 26.09 3.95 2.45 14.45 2.99 2.95 60.86 

  

Looking at the elemental contributions for samples from Run S7, it is only possible to account for 

between 40% and 62% of the total mass of each sample. This confirms (as suspected) that there is 

something else present in the sample, namely residual NaCl. As described earlier, it seems that 

NaCl is incorporating at a 1:1 molar ratio with acrylamide through a weak physical bond. Taking 

this into account increases the total elemental contributions to more reasonable values (that is, 

closer to 100%, as was the case for Run S5 in Table C.1). The evidence is provided in Table 4.11.  

 

Table 4.11: Adjusted Analysis of Elemental Contributions for S7 

 wt% 

polymer 

g polymer in 

sample 

g NaCl  

in sample 

total g 

sample 

wt% NaCl  Total (adjusted) 

wt%  

S7-2 61.80 0.2054 0.1132 0.3186 35.54 97.35 

S7-3 58.24 0.4788 0.2640 0.7428 35.54 93.78 

S7-4 55.03 0.7575 0.4176 1.1751 35.54 90.57 

S7-5 46.07 1.0808 0.5960 1.6768 35.54 81.61 

S7-6 39.84 1.4317 0.7894 2.2211 35.54 75.38 

S7-7 44.83 1.7025 0.9388 2.6413 35.54 80.37 

S7-8 45.57 1.5520 0.8558 2.4078 35.54 81.11 

S7-9 45.54 1.6694 0.9205 2.5899 35.54 81.08 

S7-10 60.86 1.8502 1.0201 2.8703 35.54 96.40 

 

Finally, the residual NaCl content was confirmed with select samples using inductively coupled 

plasma emission spectrometry (Prodigy radial ICP-OES by Teledyne-Leeman). Samples were run 

in triplicate, and the results from S7-10 analysis are shown in Table 4.12.  
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Table 4.12: Analysis of ICP Results for S7-10 

 prepared 

sample 

conc. (ppm) 

measured 

Na conc. 

(ppm) 

wt% 

total Na 

wt% Na+ ions 

(calculated; 

bound to acidic 

comonomers) 

wt% Na 

in 

residual 

NaCl 

wt% Cl 

from 

residual 

NaCl 

wt% 

NaCl 

1 9694.51 1,715.87  17.70  2.95 14.75 22.74 37.49  

2 9694.51 1,686.32  17.39  2.95 14.44  22.27 36.72  

3 9694.51 1,686.67   17.40  2.95 14.45  22.28 36.73  

 

In Table 4.12, the wt% total Na is the ratio between the measured Na concentration and the 

prepared (calculated) sample concentration. This total Na measurement includes the Na+ ions 

bound to acidic comonomers (calculated using elemental analysis and stoichiometry as discussed 

previously; see Equation C.14). Since any additional Na mass is assumed to be from residual NaCl 

in the sample, it is straightforward to calculate the total wt% NaCl in sample S7-10. The results of 

Table 4.12 are in good agreement with each other and are reasonably close to the estimated 35.54 

wt% shown in Table 4.11. This further confirms that NaCl incorporates with acrylamide at a 1:1 

molar ratio. 

 

4.1.5 Concluding Remarks on Terpolymerization Screening Experiments 

 

A series of nine terpolymerization experiments (from a definitive screening design) and two 

complementary experiments (Table 3.1) has provided a wealth of information about the 

terpolymerization kinetics of 2-acrylamido-2-methylpropane sulfonic acid (AMPS), acrylamide 

(AAm) and acrylic acid (AAc). Solution pH, ionic strength and monomer concentration can all be 

used to influence the properties of the resulting terpolymer, which ultimately assists with the 

design of custom materials for enhanced oil recovery and other applications. 

 

Although no clear correlation was observed between pH and reactivity ratio estimates (for 5 Ò pH 

Ò 9), parameter estimation results suggest that the incorporation of acidic comonomers (AMPS 

and AAc) is affected by pH. More importantly, comparing these parameter estimates to prior work 

by Scott et al. [80] revealed cross-over behaviour for both AMPS/AAm and AMPS/AAc 

comonomer pairs. Since all estimates compared were from experiments at pH 7, other solution 

effects were explored in more detail. 

 

Ionic strength (IS) proved to have the greatest influence on reactivity ratios for the range studied. 

The two complementary runs confirmed that cross-over behaviour exists between IS = 0.9 M and 

IS = 1.5 M for AMPS-based reactivity ratios (r12 and r21; r13 and r31) at pH 7 and [M] = 1.0 M. This 

shift in reactivity ratios has significant potential for tailoring AMPS/AAm/AAc terpolymer 

properties. With the enhanced oil recovery application in mind, synthesis at the lower ionic 

strength (0.9 M) is more desirable, as it allows for increased AAm incorporation and a more 
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desirable microstructure. Analysis of terpolymer microstructure suggests that the following feed 

compositions may be of interest for EOR: fAMPS,0/fAAm,0/fAAc,0 = 0.21/0.69/0.10 and 0.10/0.75/0.15. 

 

Finally, monomer concentration had a minor influence on reactivity ratio estimates but had a 

visible impact on molecular weight averages (even when other factors were varied). All samples 

had peak average molecular weights on the order of 106 g/mol, but average molecular weights 

increased with increasing [M] for all feed compositions. This is as expected from polymerization 

theory, but these trends provide good experimental confirmation nonetheless. 

 

4.2 Optimally Designed Experiments 

 

4.2.1 Justification of Experimental Conditions 

 

It has been established that the polymerization kinetics of AMPS/AAm/AAc are largely dependent 

on feed/recipe operating conditions (environment solution properties). It is therefore critical to 

monitor and/or control the ionic strength, pH, monomer concentration and feed composition of 

each terpolymer formulation [81]. These variables can impact the rate of polymerization, the 

degree of incorporation of each comonomer into the terpolymer product, the polymer 

microstructure, and the molecular weight distribution.  

 

Therefore, at this stage of the investigation, every effort was made so that the terpolymers be 

synthesized with consistent formulations. In an attempt to synthesize materials that would have 

desirable properties for the enhanced oil recovery application, the experimental conditions selected 

were informed by the results of Section 4.1.  

 

The selected pH (at which synthesis occurred) for the optimally designed experiments was pH 7. 

As described in the screening experiments study (Section 4.1.1), no clear correlation between pH 

and reactivity ratio estimates was observed for the range of pH 5 to pH 9. However, since acidic 

comonomers seem to be affected by changes in pH, it is still important to select a pH for synthesis 

and adjust the pre-polymerization solution accordingly. A solution pH of 7 was selected here 

because the condition is moderate (neutral) and because it allows for a direct extension of prior 

work (especially the ionic strength study in Section 4.1.2.1). In Section 4.1, reactivity ratios were 

generally estimated in a relative way, since experimental conditions were varied (as mentioned 

earlier, this is the nature of a screening design of experiments). Therefore, the only reactivity ratio 

estimates that can be used with confidence (for prediction purposes) are from experimental data 

with constant (and carefully controlled) experimental conditions; this is the case for the reactivity 

ratios in Table 4.4. In both cases where reactivity ratios are available for AMPS/AAm/AAc under 

constant experimental conditions, the formulation is with pH 7. Thus, the predictions that are being 

used to inform these optimally designed experiments can only be guaranteed for new formulations 
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that are also at pH 7; sodium hydroxide solutions were used to adjust the pH of each optimal 

formulation to approximately 7 (±0.5). 

 

The optimal ionic strength (for the range of conditions studied thus far) was found to be 0.9 M. As 

observed in the previous section (specifically Figure 4.5 and Figure 4.6), lower ionic strength (IS) 

promotes the increased incorporation of acrylamide. Given the knowledge that high acrylamide 

content is desirable for the application, the low IS level (0.9 M) is more suitable for the synthesis 

of AMPS/AAm/AAc terpolymers for EOR. Therefore, sodium chloride was added to each 

formulation to achieve IS = 0.9 M; since the required NaCl mass (added to each formulation) was 

more than 5 g, adjustments for high NaCl content were taken into account (as per Section 4.1.4). 

 

In Section 4.1.3, monomer concentration had a limited impact on the reactivity ratios. By 

association, the terpolymer composition and microstructure were also minimally affected. 

However, as expected from polymerization kinetics, increasing the monomer concentration led to 

increased molecular weight averages. As discussed previously (Section 2.1.2.1), polymeric 

materials with high molecular weights (on the order of 106 g/mol) are desirable for the EOR 

application, so a total monomer concentration of 1.5 M was used for each formulation. As before, 

the [M]/[I] 1/2 ratio was maintained, so 0.009 M initiator (ACVA) was used for the optimally 

designed experiments (see again Section 3.2). The [M] = 1.5 M condition was selected because it 

was the highest level that had been used in our preliminary studies, but higher monomer 

concentrations may be possible. That said, it is always important to take experimental limitations 

into account; even at [M] = 1.5 M, some of the screening runs exhibited premature polymerization, 

as the titration of a strong acid like AMPS releases considerable heat and can kick-start the 

polymerization. Viscosity effects may also play a role at higher monomer concentration, but this 

has not been considered in great detail. 

 

Finally, two optimal feed compositions (both rich in acrylamide) were selected to allow for the 

most desirable terpolymer microstructure, as predicted by the recently determined reactivity ratios 

[81]. The results of Section 4.1.2.3 established that optimal terpolymers for EOR would have 

minimal óblockyô sections and that the charge (from the acidic comonomers) would be well-

distributed along the backbone. Given reactivity ratio estimates for the terpolymerization of 

AMPS/AAm/AAc at pH 7, IS = 0.9 M and [M] = 1.0 M (nearly the same as the current conditions, 

with the exception of the monomer concentration), the triad fraction model prediction, and the 

cumulative terpolymer composition prediction, the optimal feed compositions (from Design 

Expert software) are fAMPS,0/fAAm,0/fAAc,0 = 0.21/0.69/0.10 and 0.10/0.75/0.15. 

 

Thus, optimally designed terpolymers of AMPS/AAm/AAc were synthesized as described in 

Section 3.2.2. The product terpolymers were fully characterized (so that the polymer properties 

and the application-specific behaviour are well understood), and the results are presented in the 

following sections.   
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4.2.2 Investigation of Polymer Properties 

 

Several properties investigated herein are the same characteristics as those for the screening 

experiments: namely conversion, composition and molecular weight (recall Section 4.1). In this 

case, consistency of polymer properties (that is, good experimental reproducibility) is extremely 

important, since several samples must be combined for the application-specific characterization 

for EOR. As described in Section 3.4.2 and Appendix C (Section C.6), at least 5 grams of 

polymeric material are needed for a single test, so the polymer product from several vials (or, 

potentially, from several independent syntheses) must be amalgamated. Therefore, uniform 

properties are essential for the application. 

 

For both optimal formulations described in Table 3.2, genuine replication was carefully 

incorporated into the synthesis and subsequent characterization. At the synthesis stage, Opt1 and 

Opt1R (both of the same formulation) were synthesized from two unique (independently prepared) 

monomer stock solutions. Similarly, Opt2 and Opt2R were from independently prepared monomer 

stock solutions, and Opt2RB was synthesized from the same stock solution as Opt2R. Thus, 

reproducibility between stock solutions (with the same target formulation) and repeatability within 

a given stock solution (using the same concentrated solution for two separate synthesis procedures) 

have been considered. In addition, characterization replicates were performed for the evaluation 

of terpolymer properties described in what follows. A hierarchical design study (related to these 

two optimal terpolymers and molecular weight analysis) is currently in progress, as part of training 

a senior undergraduate student for their individual research project. 

 

4.2.2.1 Gravimetry  

 

As shown in Figure 4.17, both optimally designed experiments (shown in part (a) and (b) of the 

figure) exhibit similar polymerization rates. This is as expected, since influential reaction 

conditions are similar between the two formulations. Ionic strength and monomer concentration, 

known to affect the rate of polymerization [84], are the same between the two formulations. Also, 

although the feed composition varies for these two formulations, both terpolymers are rich in 

acrylamide. Therefore, the similarity of the two conversion profiles confirms that the syntheses are 

behaving as anticipated. 

 

In both cases, samples have reached full conversion after ~90 minutes of reaction time. As 

described previously, conversion values were adjusted to take the high salt content (and residual 

salt in the product polymer) into account. However, in this case, assuming that NaCl incorporated 

at a 1:1 molar ratio with acrylamide was unfounded, since there was not enough salt added to the 

system in the pre-polymerization step. Data analysis and evaluation of conversion and composition 

(elemental contributions) indicate that NaCl does still incorporate, but that the ratio at which it 

incorporates is approximately 0.4 mol NaCl to 1.0 mol AAm for Opt1 and 0.5 mol NaCl to 1.0 
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mol AAm for Opt2. It seems that incorporation at a 1:1 ratio occurs when enough salt is present in 

the system (that is, when the moles of NaCl outnumber the moles of acrylamide). When NaCl is 

limited, it incorporates to the extent possible. Therefore, numerical adjustment (or additional 

sample purification) is required to obtain reasonable conversion levels (below 100%) and to ensure 

that all sample mass is accounted for (in terms of elemental contributions). Note that, in this case, 

not all samples were characterized using elemental analysis (which is required to adjust for Na 

content as it relates to the acidic comonomers; see Section 3.3.1 and Appendix C (Section C.2)), 

so only the NaCl correction is applied herein. If  the adjustment were made for the Na content, all 

conversion values would fall below 100%. 

 

(a)   

 

(b) 

   
Figure 4.17: Repeatability of Gravimetric Results for Optimal Terpolymers; fAMPS,0/fAAm,0/fAAc,0 =  

(a) 0.21/0.69/0.10 and (b) 0.10/0.75/0.15 

 

Most samples for both formulations were taken after 90 minutes. This was primarily so that there 

would be sufficient polymeric material (with nearly identical properties) for subsequent testing. 

The enhanced oil recovery tests, especially, require large quantities of polymer samples. Having 

several samples taken at the same time interval also provides additional data for repeatability 

analysis. 

 

Samples were also collected at lower and higher sampling times (that is, lower and higher 

conversion levels) to obtain an improved understanding of the conversion effects on other material 

properties (namely, composition drift and changes in molecular weight averages). For both 

formulations, the replicate runs were consistent with the original runs in terms of conversion, and 

the trajectories were as expected. These gravimetry results indicate that the terpolymerization 

process is consistent through several independent synthesis replicates, and that additional 

characterization steps can be pursued.   
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4.2.2.2 Cumulative Terpolymer Composition 

 

The cumulative terpolymer compositions for both optimal formulations were predicted from 

previously estimated ternary reactivity ratios (recall Figure 4.9a) [80, 81]. Given these predictions, 

the terpolymers are expected to be rich in acrylamide and to exhibit minimal composition drift 

throughout conversion. To confirm the cumulative terpolymer composition (and to evaluate the 

prediction performance of the reactivity ratio estimates), samples throughout the conversion 

trajectory were analyzed. The results (and comparisons to model predictions) are shown in Figure 

4.18 and Figure 4.19. 

 

 
Figure 4.18: Cumulative Terpolymer Composition for Terpolymer Opt1 (fAMPS,0/fAAm,0/fAAc,0 = 

0.21/0.69/0.10) 
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Figure 4.19: Cumulative Terpolymer Composition for Terpolymer Opt2 (fAMPS,0/fAAm,0/fAAc,0 = 

0.10/0.75/0.15) 

 

It is immediately evident that experimental data collected from both formulations are in good 

agreement with the model predictions. Overall, the composition values are close to the predicted 

values, and composition drift is minimal. As explained previously, the majority of samples were 

taken after 90 minutes, which means that the data set is much more comprehensive at higher 

conversion levels. All composition measurements taken at high conversion levels seem to be in 

agreement with each other and with the model.  

 

Some specific points at low conversion (at 18% conversion, which was sampled from Opt2RB) 

are worth examining further. Interestingly, the (repeatable) elemental analysis measurement 

indicates that the AAc fraction exceeds the AMPS fraction, which conflicts with the model 

prediction. This could be due to small amounts of experimental error (likely propagating from the 

synthesis step, since the elemental analysis measurements were replicated). It is also possible that 

the behaviour of the terpolymerization varies at low conversion levels, and that some composition 

drift exists early in the polymerization process (below 20% conversion). As outlined earlier 

(Section 2.3.2.2), this type of behaviour can make instantaneous parameter estimation (solely from 

low conversion data) unreliable. In this case, though, this discrepancy at 18% conversion is not a 

major concern. For the application, large quantities of material are desirable, so the polymerization 

process will typically be taken to higher conversion levels. The main conclusion here is that 

overall, the model predictions (from ternary reactivity ratios estimated earlier) accurately predict 

the cumulative terpolymer composition.  
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4.2.2.3 Molecular Weight Averages  

 

Given the results of the screening experiment study (Section 4.1.3.1 in particular), the expected 

range for the peak average molecular weights (ὓp) of these samples was between 1.0×106 g/mol 

and 5.0×106 g/mol.  

 

Aqueous GPC analysis is notoriously difficult for multi-component polymers with polyelectrolyte 

behaviour (like the AMPS/AAm/AAc terpolymer). During this investigation, samples were 

carefully prepared as described in Section 3.3.3: crushed into a fine powder and given ample time 

to dissolve in the buffer solution. However, in comparing the óexpectedô concentration of the 

polymer solutions (calculated during sample preparation) to the ómeasuredô concentration 

(obtained during GPC analysis), it was observed that more than 50% (by weight) of each polymer 

sample was being removed during the filtration step (prior to GPC injection). The comparison of 

óexpectedô and ómeasuredô concentrations is available in Appendix C, Section C.3.  

 

Using the GPC-measured concentrations for analysis provides more reliable and repeatable results. 

For example, analysis of two replicate GPC measurements for Opt2-1 (with both samples taken 

from the same polymer/buffer solution but filtered into unique GPC vials) demonstrates a 

significant improvement in repeatability. In Table 4.13, percent error calculations (coefficient of 

variation, CV) are compared for Mp replicates and Mw replicates, both using the ómeasuredô 

concentration (from GPC analysis) and the óexpectedô concentration (from sample preparation) to 

determine the molecular weight averages.  

 

Table 4.13: Comparison of Molecular Weight Averages for Opt2-1 using óMeasuredô and óExpectedô 

Sample Concentrations 

Concentration measured during sample prep = 1.02 mg/ml 
 

GPC-Measured 

Concentration 

Mp (using 

Measured Conc.) 

Mp (using 

Expected Conc.) 

Mw (using 

Measured Conc.) 

Mw (using 

Expected Conc.) 

Opt2-1 0.21 mg/ml 1.53E+06 7.47E+06 1.37E+06 6.69E+06 

Opt2-1 (GPC 

Replicate) 

0.26 mg/ml 1.57E+06 6.14E+06 1.45E+06 5.65E+06 

% Error  (CV) 
 

2.13 13.87 4.05 11.96 

 

For both samples, the ómeasuredô concentration is much lower than the óexpectedô concentration: 

only 20% to 25% of the sample remained in solution for GPC analysis. If this large difference is 

not taken into account, it can significantly impact the molecular weight averages. First, consider 

the peak average molecular weight of Opt2-1. When the correct concentration of polymer solution 

(as measured by the GPC) is used, the measured Mp is 1.53×106 g/mol (and the replicate value is 

reasonably close at Mp = 1.57×106 g/mol). However, assuming that the sample concentration is 

still 1.02 mg/ml (and that nothing has been filtered out) results in the recorded peak average 

molecular weight jumping up to 7.47×106 g/mol. In this case, significantly poorer agreement 
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between the original sample and the replicate analysis is observed (compare 2.13% error when the 

measured concentration is used to 13.87% error when the expected concentration is used). Given 

these results, it seems irrational to assume that all of the AMPS/AAm/AAc terpolymer that was 

dissolved into the buffer solution during sample preparation is still present during the GPC 

injection (that is, after filtration). Similar comparisons exist for the weight-average molecular 

weight measurements (also shown in Table 4.13) and for other sample replicates (not shown 

herein). 

 

There are two main takeaways from this result. First, it is important that GPC-measured 

concentrations are used when analyzing these types of samples (specifically, multi-component 

polyelectrolytes, often with high acrylamide content and high molecular weights; these have the 

potential to significantly increase the solution viscosity and limit polymer dissolution and 

subsequent filtration). Second, the molecular weight averages (though more consistent) may be 

underestimated. Since 50% (or more) of the sample is being removed during the filtration phase, 

it is very possible that the larger polymer chains (higher molecular weights) are being filtered out 

during sample preparation, thus creating a low bias in the measured molecular weight averages. 

With that in mind, the molecular weight averages for both optimal formulations will be examined: 

both the repeatability of the measurements and the measurements themselves (compared to 

expected values). The main focus here will be on the full conversion samples (taken after 90 

minutes of polymerization), since this characterization is valuable for additional (application-

specific) experimental work. However, the effect of conversion on the molecular weight averages 

will also (briefly) be investigated. 

 

For both formulations, excellent repeatability was observed. This is true for a variety of 

comparisons: between two independently synthesized polymers with the same formulation (for 

example, Opt1 samples vs. Opt1R samples), between samples independently isolated during a 

common synthesis (for example, Opt1-4 vs. Opt1-7; both taken after 90 minutes of 

polymerization), and between characterization tests (two GPC replicates of Opt1-4, completed 

over several months). Relevant data are shown in Table 4.14 and Table 4.15; in Table 4.14 and 

Table 4.15, Mp represents peak average molecular weight, Mn represents number average 

molecular weight, Mw represents weight average molecular weight, and IV represents intrinsic 

viscosity. ANOVA Tables comparing syntheses, samples and characterization (one for each 

formulation) are available in Appendix C, Section C.3. No statistically significant differences were 

observed for any of the comparisons. Therefore, the synthesis replicates and the sampling 

replicates do not contribute significantly to overall variability. 
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Table 4.14: Reproducibility/Repeatability of Molecular Weight Averages for Opt1 

  Sample Mp Mn Mw Bulk IV  

Original synthesis, sample & 

characterization 
Opt1-4 1.54E+06 1.33E+06 1.36E+06 7.76 

Original synthesis & sample, 

characterization (GPC) replicate 
Opt1-4 1.57E+06 1.43E+06 1.44E+06 8.09 

Original synthesis, sample replicate Opt1-7 1.56E+06 1.27E+06 1.32E+06 7.77 

Replicate synthesis Opt1R-3 1.56E+06 1.37E+06 1.39E+06 8.23 

Replicate synthesis & sample, 

characterization replicate 
Opt1R-3 1.61E+06 1.36E+06 1.40E+06 8.04 

Replicate synthesis, sample replicate Opt1R-8 1.55E+06 1.37E+06 1.39E+06 8.06 

 Average 1.57E+06 1.36E+06 1.38E+06 7.99 

 StDev 2.31E+04 5.26E+04 4.16E+04 0.19 

 % error  1.47 3.88 3.00 2.33 

 

Table 4.15: Reproducibility/Repeatability of Molecular Weight Averages for Opt2 

  Sample Mp Mn Mw Bulk IV  

Original synthesis, sample & 

characterization 
Opt2-4 1.44E+06 1.30E+06 1.32E+06 7.69 

Original synthesis & sample, 

characterization (GPC) replicate 
Opt2-4 1.56E+06 1.38E+06 1.40E+06 8.24 

Original synthesis, sample replicate Opt2-10 1.54E+06 1.32E+06 1.35E+06 7.21 

Replicate synthesis Opt2R-5 1.52E+06 1.36E+06 1.37E+06 7.53 

Replicate synthesis & sample, 

characterization replicate 
Opt2R-9 1.49E+06 1.32E+06 1.34E+06 7.64 

Replicate synthesis & sample, 

characterization (GPC) replicate 
Opt2R-9 1.49E+06 1.36E+06 1.37E+06 7.88 

 Average 1.51E+06 1.34E+06 1.36E+06 7.70 

 StDev 4.49E+04 2.93E+04 2.99E+04 0.35 

 % error  2.98 2.19 2.20 4.50 

 

Aside from the good repeatability established in Table 4.14 and Table 4.15, the average molecular 

weights of each sample can also be evaluated. Given the number of replicates available, the 

average for each formulation is considered. For formulation Opt1 (fAMPS,0/fAAm,0/fAAc,0 = 

0.21/0.69/0.10), the (mean) peak average molecular weight is 1.57×106 g/mol. Formulation Opt2 

(fAMPS,0/fAAm,0/fAAc,0 = 0.10/0.75/0.15) is about the same, with a mean Mp of 1.51×106 g/mol. The 

similarity allows for straightforward comparison of other (application-specific) properties; any 

differences in performance will be due to other factors (such as cumulative terpolymer composition 

or terpolymer microstructure). 

 

The molecular weight averages reported here are notably on the low end of the anticipated 

characteristics, but are still within the desired range. As mentioned previously, the molecular 
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weight averages may be underestimated somewhat, since a considerable portion of each polymer 

sample was filtered out of the buffer solution prior to analysis. However, these results are well 

aligned with a reference polymer that is currently used in EOR applications (Alcoflood 955, 

purchased from BASF, USA). The reference polymer is an acrylamide/acrylic acid copolymer 

(which had Ὂ πȢωρ and Ὂ πȢπω), and the peak average molecular weight was 1.42×106 

g/mol (characterized using the same techniques as for the optimally designed terpolymers). 

Therefore, it is anticipated that the application performance will be as good as (or better than) 

currently available materials. 

 

For interest, the effect of conversion on molecular weight averages was also examined. Although 

most data collected were for high conversion samples, the samples taken at low conversion levels 

indicate that the peak average molecular weight (Figure 4.20a), the weight average molecular 

weight (Figure 4.20b), and the bulk intrinsic viscosity (IV; Figure 4.20c) are relatively constant 

over the conversion range analyzed (approximately 15% to 100%). This conflicts with results 

observed previously for the acrylamide/acrylic acid copolymer [41], but the consistency in 

molecular weight averages over conversion may be related to the high proportion of each sample 

removed during the filtration step of the analysis. 

 

All three plots related to the molecular weight analysis (within Figure 4.20) also include the 

properties of the reference polymer (Alcoflood 955), which was characterized alongside the 

designed terpolymers. Since the conversion of the reference sample is unknown (but likely very 

high), the measured value for each property is presented as a horizontal (dashed) line. Both of the 

newly synthesized (optimal) terpolymers have similar molecular weight characteristics to the 

reference material, which suggests that the customized (designed) approach led to the development 

of materials with appropriate and desirable molecular weight characteristics. Also, the molecular 

weight averages (Mp and Mw) of the new materials are slightly higher than those of the reference 

material, which could improve the enhanced oil recovery performance. 
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(a) 

 
(b) 

 
(c) 

 
Figure 4.20: Effect of Conversion on (a) Peak Average Molecular Weight, (b) Weight Average 

Molecular Weight and (c) Bulk Intrinsic Viscosity (and Comparison to Reference Polymer 

Alcoflood 955) for Optimal Terpolymers 
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4.2.2.4 Sequence Length Distribution 

 
13C-NMR spectra were measured and analyzed for Opt1 and Opt2 terpolymers, as described in 

Section 3.3.4. The purpose of these tests was to compare the measured sequence length 

distributions to those predicted by ternary reactivity ratios in Section 4.1.2.3 (using analysis 

techniques similar to Randall [119] and Brar and Sunita [120]). However, given the 18 unique 

monomer triads, the chemical similarity of the comonomers, and the noisy spectra (due to the high 

viscosity of the samples), sequence length distribution could not be directly determined. What we 

were able to do was to confirm terpolymer composition from yet another independent source 

(described shortly below). For reference, 13C-NMR spectra of terpolymer #1 and terpolymer #2 

are presented in Figure 4.21 and Figure 4.22, respectively. 

 

 
Figure 4.21: 13C-NMR Spectra of Terpolymer #1 in Buffer/D2O at 68°C 
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Figure 4.22: 13C-NMR Spectra of Terpolymer #2 in Buffer/D2O at 68°C 

 

Although the spectra are not sufficient for the determination of sequence length distribution, they 

can still be used to calculate the cumulative terpolymer composition. Using the carbonyl carbon 

responses associated with AMPS (ŭ å 176 ppm), AAm (ŭ å 180) and AAc (ŭ å 183 ppm), it is 

possible to calculate the mole fraction of each comonomer in the terpolymer sample. These are 

compared to the (averaged) elemental analysis (EA) results from Section 4.2.2.2 in Table 4.16. 

 

Table 4.16: Comparison of Cumulative Terpolymer Composition from 13C-NMR and EA 

 Cumulative Composition from 
13C-NMR 

Cumulative Composition from 

Elemental Analysis 

 ╕═╜╟╢ ╕══□ ╕══╬ ╕═╜╟╢ ╕══□ ╕══╬ 

Terpolymer #1 0.19 0.74 0.07 0.21 0.68 0.11 

Terpolymer #2 0.13 0.80 0.07 0.11 0.75 0.13 

 

Composition measurements are in relatively good agreement between 13C-NMR and elemental 

analysis, especially considering the challenges associated with analyzing viscous polymer samples 

using nuclear magnetic resonance. NMR results provide adequate confirmation of the elemental 

analysis results, but the EA results are more trustworthy. 
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4.2.2.5 Thermal Stability 

 

Thermal gravimetric analysis (TGA) was performed (as described in Section 3.3.5) for Opt1 and 

Opt2, and included synthesis replicate analysis and characterization replicate analysis. The 

reference material (Alcoflood 955) and an AAm/AAc copolymer (from Riahinezhad et al. [32]) 

were also evaluated for comparison. The motivation here was two-fold. First, it was important to 

ensure that the thermal properties were consistent across synthesis replicates (and to ensure that 

TGA measurements were consistent for sample replicates). Second, thermal analysis provides an 

opportunity to confirm that thermal stability is improved (compared to the typically used 

AAm/AAc copolymer) when AMPS is incorporated into the polymer backbone. As shown 

previously (Figure 2.4), the majority of oil reservoirs are below 200°C, but behaviour at higher 

temperatures was evaluated herein as a óworst caseô scenario. TGA up to higher temperatures (at 

least 400°C) made it possible to compare the point at which significant mass loss occurred for each 

sample; materials that showed degradation at higher temperatures are more thermally stable (and 

may, therefore, be promising candidates for enhanced oil recovery). Results from synthesis 

replicates (Opt1 vs. Opt1R and Opt2 vs. Opt2R), the reference material (Alcoflood 955) and the 

AAm/AAc copolymer are shown in Figure 4.23. Characterization replicates for Opt1 and curve 

derivatives for all samples are available in Appendix C, Section C.4. 

 

 
Figure 4.23: Thermal Behaviour (from Thermal Gravimetric Analysis) for Optimally Designed 

Terpolymers, Reference Material, and a Designed AAm/AAc Copolymer 
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Examining all six curves on a single plot allows for the direct comparison of all materials. 

Immediately, excellent agreement is observed between the original terpolymer runs and the 

synthesis replicates. Both blue curves (for Opt1 and Opt1R) are directly on top of each other, and 

exhibit two main points of interest. Aside from the gradual decrease in weight initially (which is 

likely water loss), there are two more obvious transition points. The first transition occurs at 225°C 

and the second (more significant) transition occurs at 284°C. Thus, any substantial mass loss 

(degradation) is beyond 200°C. Similarly, excellent repeatability was observed from the 

independent replication of Opt2. Both red curves exhibit similar behaviour, and the transition 

points (easily identifiable from the derivatives; see Section C.4 in Appendix C) are identical. 

 

Another important conclusion from Figure 4.23 is the improved thermal behaviour of the 

terpolymers compared to the reference material and to the AAm/AAc copolymer. Both of these 

materials show a sudden decrease in sample mass: the reference material at 217°C and the 

AAm/AAc copolymer at 257°C. The mass reduction for these materials is much more sudden than 

for the terpolymers; this could have adverse effects in the EOR application.  

 

Table 4.17 provides some key findings from the TGA experimental work. A minor transition (with 

small mass loss) was only observed for the terpolymer samples, and may be related to water 

entrapment in the polymer samples. The major transition is the point at which significant mass loss 

occurs, and is likely related to sample degradation. It is reassuring to note that the major transition 

occurs at the lowest temperature for the reference material; the (designed) AAm/AAc copolymer 

can tolerate an additional 40°C before the major transition occurs. Even more improvement is 

observed when AMPS is added to the material formulation, as both Opt1 and Opt2 exhibit 

(relatively low) weight loss at 284°C and 281°C, respectively. 

 

It is also enlightening to examine the remaining weight proportion at several (meaningful) 

temperatures. In Table 4.17, the remaining weight % of each material is listed at 80°C (median 

reservoir temperature as per Figure 2.4), 120°C (maximum óencounteredô reservoir temperature 

for ~90% of reservoirs worldwide, again as per Figure 2.4), 200°C (maximum reservoir 

temperature) and 300ÁC (for interest and to represent a óworst case scenarioô). For replicated 

samples, average values are shown. 

 

Table 4.17: Points of Interest from Thermal Gravimetric Analysis Results 

Material  Minor 

Transition 

Major 

Transition 

Weight % 

at 80°C 

Weight % 

at 120°C 

Weight % 

at 200°C 

Weight % 

at 300°C 

Opt1 225°C 284°C 95.4% 92.8% 88.2% 80.8% 

Opt2 199°C 281°C 95.6% 93.3% 88.7% 79.1% 

Reference N/A 217°C 96.2% 94.0% 87.1% 57.7% 

AAm/AAc 

Copolymer 

N/A 257°C 93.5% 90.0% 84.5% 66.1% 
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All materials exhibit similar thermal behaviour up to 200°C, but the difference in material 

properties becomes evident at 300°C. In reality, thermal stability up to 300°C is much higher than 

what the EOR application currently demands, but the contrast in materials shows the improved 

thermal stability when a terpolymer of AMPS/AAm/AAc is used. Thus, this study has confirmed 

that the addition of AMPS does, in fact, improve the thermal stability of the polymeric material, 

as hypothesized in Section 2.1.3. 

 

4.2.3 Investigation of Application-Specific Properties 

 

In evaluating application-specific properties, larger sample volumes are often required (that is, 

several samples (from one or more synthesis replicate) may be combined for testing purposes). 

Given that good consistency of polymer properties has been established in the previous section, it 

is now possible to combine polymer samples (that were synthesized with the same formulation 

and under the same conditions) and have confidence that the final sample has homogeneous 

properties. Therefore, in some of the following sections, no distinction is made between synthesis 

replicates. For example, Opt1 and Opt1R are simply identified as optimal terpolymer #1. 

 

4.2.3.1 Rheological Properties 

 

The rheological properties are critical to the enhanced oil recovery performance. If the materials 

are not viscous enough, they will not provide the sweep efficiency required (that is, much of the 

residual oil will remain in the reservoir, even after polymer flooding). In contrast, if they are too 

viscous, they may cause pressure build-up and plugging in the reservoir. There is potential to adjust 

the viscosity of a solution by changing the concentration of the polymeric material within the 

solution [115], but using smaller quantities of the polymer is preferred (for environmental and 

economic reasons). Therefore, the goal is to create materials with similar properties to the reference 

material (here Alcoflood 955, described previously). Rheological properties of each optimal 

terpolymer and the reference polymer (in water and in a saline (pH 7 buffer) solution) were 

measured as described in Section 3.4.1, and key findings are presented herein. 

 

Frequency sweep tests, performed using a cone and plate rheometer, give information about the 

viscoelastic properties of the polymer solution. Among the relevant variables are |n*| (complex 

viscosity), Gô (elastic modulus) and Gò (loss modulus); these measurements and their 

interpretation are discussed further in what follows. However, prior to completing each frequency 

sweep test, the linear viscoelastic region (LVR) must be established via a strain sweep test. Strain 

sweep tests were conducted at a fixed frequency of 10 Hz, ranging from 0.1% to 20%; a 

representative result for an Opt1 terpolymer sample in water is shown in Figure 4.24. This is 

representative of most solutions in the present study, and 1% strain was chosen for subsequent 

frequency sweep testing. As an additional check, for select samples, frequency sweep tests were 

performed at both 1% strain and 10% strain (both within the linear viscoelastic region), and results 
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showed excellent agreement (see Figure C.10 in Appendix C, Section C.5). Therefore, as long as 

the strain level selected is within the linear viscoelastic region, the % strain selected for analysis 

should not affect results. 

 

 
Figure 4.24: Sample Results (from Terpolymer #1) for Strain Sweep Test at 10 Hz  

(solution concentration of 0.01 g/mL in water) 

 

Representative plots (including replicates) from frequency sweep tests are shown in Figure 4.25.  

The shear thinning behaviour of the AMPS/AAm/AAc terpolymer solutions is immediately 

obvious: samples show a decrease in viscosity as angular frequency increases. This makes 

physicochemical sense, since at higher frequencies (or by analogy, at higher shear rates), the 

polymers transition from flowing in a coil conformation to flowing in a linear (aligned) 

arrangement. This decreases the viscosity of the solution, which in turn would decrease the 

efficiency of the EOR process. 

 

It is also interesting to examine the repeatability of the experimental results (both in terms of 

synthesis and characterization). For terpolymer #1, the synthesis replicates seem to exhibit more 

inconsistencies than the characterization replicates (especially for terpolymer #1 in water; Figure 

4.25a), but this is often expected. For terpolymer #2, excellent agreement is observed between 

synthesis replicates. 

 

For the rheological tests done in water, the complex viscosities of both optimal terpolymers were 

higher than the reference sample at low angular frequencies, and over most of the angular 
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frequency range studied. However, this distinction became less pronounced at higher angular 

frequencies (especially for terpolymer #1R (Figure 4.25a) and for terpolymer #2 (Figure 4.25b)).  

 

The change in behaviour between aqueous polymer solutions and polymers in buffer solutions was 

also examined. For the reference polymer and for the newly synthesized (optimal) terpolymers, 

the complex viscosity is lower in buffer solutions than in water. Physicochemically, these results 

are as expected. The terpolymer of AMPS/AAm/AAc is a polyelectrolyte and is therefore very 

sensitive to ions in solution. When charged molecules (salts, in this case) are added to the 

environment, charge screening occurs. As a result, previously elongated polymer chains (stretched 

due to charge repulsion along the macromolecule) reposition themselves into a coil conformation. 

Of course, this change in polymer conformation impacts the solution viscosity; a smaller radius of 

gyration will lower the shear viscosity of a given polymer solution. 

 

Interestingly, the designed terpolymers exhibited a larger reduction in complex viscosity 

(compared to the reference material) when the buffer solution was used rather than water. This is 

likely due to the addition of AMPS; incorporating a second acidic comonomer into the polymeric 

material amplifies the charge effects. However, it is anticipated that the presence of AMPS will 

have additional benefits, including mechanical and chemical stability [21, 23] and as per earlier 

discussion (recall Section 4.2.2.5). Also, the rheological behaviour of terpolymer #1 and 

terpolymer #2 is still comparable to the reference material, which makes them good candidates for 

the enhanced oil recovery application. 
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(a) 

 
(b) 

 
Figure 4.25: Complex Viscosity Profiles for AMPS/AAm/AAc Terpolymers in Water and Buffer for 

(a) Terpolymer #1 and (b) Terpolymer #2 
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It has been reported that the polymer flood water solutions used in EOR are exposed to a range of 

shear rates from about 1 s-1 to 7 s-1 [32]. The Cox-Merz rule makes it possible to assume that the 

relationship between |ɖ*| and ɤ is analogous to the relationship between steady state shear 

viscosity (ɖ) and shear rate (‎). Therefore, shear viscosities for ‎ = 1 s-1, ‎ = 5 s-1 and 7 s-1 (specific 

shear rates of interest for the EOR application) are provided in Table 4.18. Average values for each 

terpolymer (taken from synthesis and/or characterization replicates, as available) are presented 

herein, but the full data set is available in Appendix C, Section C.5. This direct comparison shows 

that the viscosity behaviour of the new terpolymers is generally comparable to the reference 

copolymer, and hence the designed AMPS/AAm/AAc terpolymers remain viable. 

 

Table 4.18: Summary of Shear Viscosities for Terpolymer Solutions 

In WATER  Shear Viscosity (Pa·s) 

♬ = 1 s-1 ♬ = 5 s-1 ♬ = 7 s-1 

Terpolymer #1 Average 10.10 3.22 2.49 

Terpolymer #2 Average 8.12 2.52 1.98 

Alcoflood (Reference Material) 5.84 2.04 1.61 

In BUFFER Shear Viscosity (Pa·s) 

♬ = 1 s-1 ♬ = 5 s-1 ♬ = 7 s-1 

Terpolymer #1 Average 2.79 1.10 0.89 

Terpolymer #2 Average 2.41 0.93 0.74 

Alcoflood (Reference Material) 3.47 1.33 1.08 

AAm/AAc copolymer with best EOR 

performance (as reported in [115, 117]) 
3.41 -- 0.89 

 

Viscoelastic properties were also measured during frequency sweep tests. Gô, the elastic modulus, 

provides information about the reversibly stored energy in the system. Gôô, the viscous modulus, 

represents the irreversible energy loss. In general, polymer solutions for enhanced oil recovery 

with higher Gô and Gôô values (compared to a standard reference material) offer superior 

viscoelasticity. This is relevant for EOR, since the viscoelastic behaviour improves the sweep 

efficiency of the EOR process. The crossover point (that is, the frequency at which the behaviour 

shifts from predominantly viscous to predominantly elastic) was generally observed at very low 

frequencies and was occasionally not observed (especially for aqueous solution trials). This value, 

though commonly used as a measure of viscoelasticity, was not repeatable at these very low 

frequencies (especially since it was very early in the experimental run), and is therefore only used 

in a relative way as an indicator of potential EOR performance. Measurements of Gô and Gôô for 

both the water and buffer solutions are shown in Figure 4.26 and Figure 4.27. 
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(a) 

 
(b) 

 
Figure 4.26: Elastic and Loss Modulus for AMPS/AAm/AAc Terpolymers in Water for  

(a) Terpolymer #1 and (b) Terpolymer #2 
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(a) 

 
(b) 

 
Figure 4.27: Elastic and Loss Modulus for AMPS/AAm/AAc Terpolymers in Buffer for  

(a) Terpolymer #1 and (b) Terpolymer #2 

 

As demonstrated in Figure 4.26, Gô is generally larger than Gôô (except at very low frequencies). 

This indicates that the loss modulus dominates at very low frequencies, but that under normal 

operating conditions (that is, frequencies characteristic of the EOR application), the solutions are 

predominantly elastic in nature. A clear crossover point was observed for the reference sample, 

but the crossover behaviour occurred at very low frequencies (or not at all) for the optimal 

terpolymers. This predominantly elastic behaviour is desirable for enhanced oil recovery; studies 
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have shown that polymer solutions with higher elasticity also provide higher oil recovery 

efficiency [121]. In comparing the newly synthesized (optimal) terpolymers to the reference 

sample, terpolymer #1 (Figure 4.26a) seems to be somewhat more elastic than the reference 

material (the moduli are higher, and the crossover point occurs at a lower frequency). However, 

terpolymer #2 (Figure 4.26b) has characteristics that are very similar to the reference material. 

 

Figure 4.27 shows the viscoelastic behaviour of the same polymeric materials in buffer solution. 

The properties of the newly synthesized terpolymers are comparable to the reference polymer, but 

the modulus values are slightly higher for the reference polymer than they are for the optimal 

terpolymers. For all three materials (terpolymer #1, terpolymer #2 and the reference material) in 

buffer, the elastic behaviour still dominates, but to a lesser extent than in aqueous polymer 

solutions. The crossover frequency in buffer is consistently higher than the crossover frequency in 

water, which suggests that the polymer solution behaviour is more viscous (less elastic) for a wider 

range of low frequencies.  

 

Information about the storage and loss moduli can be combined by looking at the dynamic 

mechanical loss tangent (tanŭ), which is the ratio of Gôô to Gô. When tanŭ (Gôô/Gô) is below unity, 

elastic behaviour dominates. Low values of tanŭ (that is, high elasticity) can encourage ópullingô 

behaviour in an oil reservoir, which assists with the removal of residual oil and increases the 

displacement efficiency in EOR [22]. 

 

 
Figure 4.28: Dynamic Mechanical Loss Tangent (tanŭ) for Designed Terpolymers and Reference Polymer 
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As shown in Figure 4.28, terpolymer #1 and terpolymer #2 have similar tanŭ profiles. In aqueous 

solutions, both of the optimally designed terpolymers have a lower tanŭ (therefore higher elasticity 

and potentially improved EOR performance) compared to the reference polymer. For the reference 

polymer, tanŭ values are closer to the buffer behaviour of the other materials. This indicates that 

the reference polymer is less affected by salts in solution, which agrees with the complex viscosity 

results observed previously (Figure 4.25). In any case, all tanŭ values (over the frequency range 

presented herein) are below unity, which adds to the increasing list of desirable properties that 

these terpolymers possess for the enhanced oil recovery application. 

 

4.2.3.2 EOR Phase I: Polymer Flow Performance in Sand-pack Flooding Tests 

 

As described in Section 3.4.2.1, displacement tests (in a sand-pack flooding system) have been 

performed for three polymers (terpolymer #1, terpolymer #2 and a reference material); this has 

been pursued in collaboration with Professor Laura Romero-Zerón in the Department of Chemical 

Engineering at the University of New Brunswick. The purpose of these tests, which have a duration 

of about two months per material tested, is to compare the flow behaviour of the newly synthesized 

(optimal) terpolymers to commercially available materials. The process involves flooding a pre-

characterized sand-pack system with brine, then with a 1wt% polymer solution, and then with 

additional brine. Since the system was repacked with sand between each trial (to eliminate any 

confounding variables that could be introduced during a cleaning step), characteristics of the sand-

pack were measured for each run and are reported in Table 4.19. 

 

Table 4.19: Sand-pack Properties for Sand-pack Flooding Tests 

Sample PV (cm3) Porosity k (mD) 

Terpolymer #1, Trial #1 26.97 0.2010 78,118 

Terpolymer #1, Trial #2 25.47 0.1898 85,186 

Terpolymer #1, Trial #3 23.47 0.1749 99,383 

Terpolymer #2, Trial #1 25.47 0.1898 75,481 

Terpolymer #2, Trial #2 16.47 0.1227 98,291 

Terpolymer #2, Trial #3 25.47 0.1898 99,383 

Reference Material, Trial #1 25.97 0.1935 98,291 

Reference Material, Trial #2 25.47 0.1898 85,180 

 

In considering the flow behaviour of polymer solutions in an oil reservoir, the two factors of 

interest are the resistance factor (RF) and the residual resistance factor (RRF). These have been 

described in Section 3.4.2.1 (see Equations 3.3 and 3.5). Ideally, polymer solutions should have a 

high RF (indicative of good mobility control and high sweep efficiency) and a low RRF (indicative 

of polymer entrapment and reservoir plugging).  

 

Since the sand-pack characteristics (permeability and porosity) varied between runs (as evidenced 

in Table 4.19), differences between runs were normalized by using a modified capillary bundle 
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parameter (units of volume of fluid injected expressed as a fraction of PV; units of mD-0.5) which 

is defined by Equation 4.1 [117, 122].  

ὅὥὴὭὰὰὥὶώ ὄόὲὨὰὩ ὖὥὶὥάὩὸὩὶ 
ρ

τ
 
Ὂ ὸ ρ ‰ ὃ

‰ὯȢὖὠ
 4.1 

Where F is flux (cm/min), t is injection time (min), ה is porosity (dimensionless), k is permeability 

(millidarcy, mD), A is the cross-sectional area of the sand-pack (cm2), and PV is sand-pack pore 

volume (cm3). 

 

Figure 4.29 provides a comparison of RF values for all three polymeric materials as a function of 

volume of polymer injected (expressed as a fraction of pore volume normalized for permeability 

(i.e., capillary bundle parameter)). Since the polymer flow performance test was performed at least 

twice for each material, average values are shown herein. For both optimal terpolymers, the RF 

value increases gradually (as a function of volume of polymer injected) but eventually plateaus. 

When the RF value stabilizes, it indicates that the polymeric material has propagated throughout 

the sand-pack, which is a sign of good flow performance. Also, since the tailor-made materials 

have a higher RF than the reference material, the terpolymers provide better mobility control than 

the commercially available polymer. This is a promising result, since polymer solutions with 

higher RF values are typically more effective in recovering oil. 

 

 
Figure 4.29: Resistance Factor (RF) from Polymer Flow Performance Testing 
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In Figure 4.30, polymer retention in the reservoir (sand-pack) is evaluated by plotting the residual 

resistance factor for each material as a function of volume of fluid injected (again normalized for 

permeability and porosity using the capillary bundle parameter). As before, since at least two runs 

were performed for each material, average values are presented. All three materials exhibit the 

same general behaviour, as RRF values decrease with increased brine injection. This is as expected 

when the definition of RRF is considered (recall Equation 3.5). ȹPbrine injection #2 is in the numerator 

for RRF, and is a measure of the pressure difference along the sand-pack column after polymer 

flooding. Initially (immediately after polymer flooding), there will likely be significant pressure 

differences, as polymeric material remains entrained in the column. However, as more brine is 

injected into the system (and, subsequently, more of the polymeric material is recovered), the 

pressure difference along the sand-pack column will decrease. Therefore, as ȹPbrine injection #2 

decreases, RRF also decreases. The fact that this decrease is observed confirms that entrapped 

polymeric material is, in fact, being recovered from the system (which is a promising result). 

 

 
Figure 4.30: Residual Resistance Factor (RRF) from Polymer Flow Performance Testing 

 

Of the three polymeric materials evaluated, terpolymer #2 had the highest RRF values (therefore, 

it exhibited the most polymer retention). Terpolymer #1 had moderate RRF values, which 

(initially) decreased more quickly as the capillary bundle parameter increased (compared to 

terpolymer #2 or the reference material). The initial drop in RRF indicates that the polymer is more 
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easily recovered as brine is injected after polymer flooding. Since the molecular weight averages 

of terpolymer #1 and terpolymer #2 are similar, electrostatic effects due to composition differences 

are the most likely explanation for these different RRF profiles. Terpolymer #1 has a higher 

proportion of acidic (anionic) monomers along the polymer backbone (Ὂ Ὂ πȢσς for 

terpolymer #1 and Ὂ Ὂ πȢςυ for terpolymer #2), and a higher negative charge density 

would increase the repulsion between the polymer and the negatively charged sand particles. This, 

in turn, would decrease polymer adsorption on the sand surface (therefore, a steeper initial drop in 

RRF occurs, which indicates that the polymer is easily recovered as brine is injected after polymer 

flooding). Finally, the reference material (described in Table 3.5) had the lowest RRF. The lower 

initial value suggests that polymer entrapment was minimal to begin with, so the RRF plateaued 

fairly quickly. Although this reference material exhibited the best performance in terms of the 

RRF, it had the worst mobility control behaviour (from RF measurements in Figure 4.29). Finding 

a material with optimal EOR properties is a balancing act, since both RF and RRF need to be taken 

into account. 

 

A summary of reservoir flow properties for the three polymeric materials studied is presented in 

Table 4.20. Here, RF and RRF values are taken from the end of the corresponding experimental 

runs and the equivalent percentage of permeability reduction (relative to the original permeability 

of the corresponding sand-packs) is provided.  

 

Table 4.20: Summary of Reservoir Flow Properties for Terpolymer Solutions 

Polymeric Material Resistance Factor 

(RF) 

Residual Resistance 

Factor (RRF) 

Permeability 

Reduction (%) 

Terpolymer #1 47.3 8.6 88.3% 

Terpolymer #2 66.9 18.3 94.5% 

Reference Material 9.8 6.9 85.5% 

 

Given the RF and RRF values shown in Table 4.20, terpolymer #2 seems like the most promising 

candidate of the materials being evaluated herein. The fact that the RF values were high suggests 

that a polymer solution containing terpolymer #2 will exhibit good mobility control and, by 

extension, superior oil recovery efficiency. It is also important to note that the RF values in Figure 

4.29 were óleveling outô (towards a plateau), which suggests that proper propagation of polymeric 

material through the sand-pack system was achieved (and reservoir plugging did not occur). Also, 

the RRF for terpolymer #2 plateaued around RRF = 18.3, which indicates that the sand-pack 

experienced a permeability reduction of 94.5% compared to the original permeability. A recent 

study by Riahinezhad et al. [117] reported successful oil recovery behaviour for a material with 

88% permeability reduction, so the properties of terpolymer #2 are reasonable. Also, there would 

be potential to inject post-polymer flooding brine for a longer period of time, which would remove 

additional residual polymer from the porous media. Therefore, reservoir plugging is not expected 

to be a concern for this polymer solution.   
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Terpolymer #1 is also an excellent candidate for further EOR testing, since it has a very good RF 

value and slightly better permeability reduction. Because it contains a higher proportion of AMPS 

(recall Section 4.2.2.2), it has improved properties in terms of thermal and mechanical stability. 

Also, as observed earlier, a higher proportion of anionic monomers along the backbone reduced 

the polymer retention within the reservoir. Therefore, both optimally designed terpolymers will be 

evaluated further (along with the reference material) in the following section. 

 

4.2.3.3 EOR Phase II: Heavy Oil Displacement in Sand-pack Flooding Tests 

 

Heavy oil displacement tests were performed for the two optimally designed terpolymers and the 

reference material, as per the experimental procedure described in Section 3.4.2.2. As described 

previously, heavy oil displacement tests use four consecutive injection stages: oil injection, water 

flooding (brine injection #1), polymer flooding (polymer solution injection), and chase water 

flooding (brine injection #2). Table 4.21 summarizes the sand-pack characteristics and initial test 

conditions for each experimental run; terpolymer #1 was characterized in triplicate, and the other 

materials were evaluated twice. Also, the initial oil saturation (Soi) and the irreducible water 

saturation (Swi) were determined after the oil injection stage and are provided in the table. These 

allow for an initial understanding of the sand-pack saturation composition (that is, the fraction of 

pore space occupied by oil and by water). Also, knowing the initial oil saturation makes it possible 

to monitor the oil saturation in the sand-pack as more oil is incrementally recovered. 

 

Table 4.21: Sand-pack Properties and Initial Conditions for Heavy Oil Displacement Tests 

Sample PV (cm3) Porosity k (mD) F (cm/min) Soi (%)  Swi (%)  

Terpolymer #1, Trial #1 26.19 0.1952 110,426 0.0208 79.20 20.80 

Terpolymer #1, Trial #2 22.19 0.1654 98,834 0.0203 89.47 10.53 

Terpolymer #1, Trial #3 22.19 0.1466 116,922 0.0205 89.47 10.53 

Terpolymer #2, Trial #1 20.19 0.1560 129,631 0.0193 98.00 2.00 

Terpolymer #2, Trial #2 20.94 0.1560 102,223 0.0198 91.82 8.18 

Reference Material,  

Trial #1 

20.69 0.1542 104,006 0.0207 88.71 11.29 

Reference Material,  

Trial #2 

20.19 0.1505 117,691 0.0206 90.23 9.77 

 

Properties were generally similar from one trial to the next, but any discrepancies have been 

normalized by using the capillary bundle parameter described earlier (Equation 4.1). 

 

Once the initial conditions (or baseline values) were established for each trial, the flooding steps 

for oil recovery were performed consecutively. Throughout the oil recovery steps, the pressure in 

the sand-pack was recorded as a function of injection volume (again, reported as a fraction of PV 

and normalized using the capillary bundle parameter). Representative pressure graphs are shown 

in Figure 4.31. 
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(a) 

 
(b) 

 
(c) 

 
Figure 4.31: Sand-pack System Pressure throughout Heavy Oil Displacement Testing for  

(a) Terpolymer #1, (b) Terpolymer #2 and (c) the Reference Material 
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The plots shown in Figure 4.31 provide us with a more detailed understanding of how polymer 

solutions affect flow through the sand-pack. Initially, during the water flooding stage (that is, as 

brine is injected into the system), the fluid finds the path of least resistance and flows easily through 

the reservoir. However, at the polymer flooding stage, the polymer solution sweeps through the 

entire reservoir. While this improves the oil recovery efficiency, it can also significantly increase 

the pressure in the system. Therefore, it is extremely important to continue monitoring the pressure 

in the sand-pack to ensure that plugging does not occur. As expected, injecting a solution of 

terpolymer #2 results in the largest pressure increase (the highest recorded value during polymer 

flooding is nearly 10 psi), whereas terpolymer #1 only reaches 7 psi and the reference material 

remains below 4 psi. However, in all cases, the pressure measurements return to the baseline during 

the final injection stage (post-polymer flooding, or brine injection #2). This is an excellent result; 

given the results of the displacement tests (Section 4.2.3.2), some polymeric material is expected 

to remain in the sand-pack. However, these pressure profiles confirm that no plugging has 

occurred, and any residual polymer present in the sand-pack does not affect the system pressure. 

 

Finally, perhaps the most important results from these tests are the oil recovery efficiencies at each 

stage and for each material. In Table 4.22, the oil recovery efficiency (that is, the proportion of oil 

removed from the sand-pack relative to the original oil in place) is provided for each recovery 

stage. Also, since at least two trials were performed for each material, the average results are 

presented for each polymer. 

 

Table 4.22: Oil Recovery Efficiency Results from Heavy Oil Displacement Tests 

Sample & Trial  

Water 

Flooding 

(%)  

Polymer 

Flooding 

(%)  

Post-Polymer 

Water 

Flooding (%) 

Incremental 

Oil Recovery 

(%)  

Overall Oil 

Recovery 

(%)  

Terpolymer #1, Trial #1 24.7 37.3 16.3 53.6 78.3 

Terpolymer #1, Trial #2 22.8 35.8 17.6 53.4 76.2 

Terpolymer #1, Trial #3 28.6 35.3 15.9 51.2 79.8 

Average Terpolymer #1 25.4   36.1 16.6 52.7 78.0 

Terpolymer #2, Trial #1 24.8 47.5 15.2 62.7 87.5 

Terpolymer #2, Trial #2 25.9 49.3 14.7 64.0 89.9 

Average Terpolymer #2 25.4 48.4 14.9 63.3 88.7 

Reference Material, Trial #1 24.2 23.0 10.8 33.9 58.1 

Reference Material, Trial #2 23.6 26.0 12.1 38.0 61.6 

Average Reference 

Material  23.9 24.5 11.4 35.9 59.8 

 

As described previously (Section 3.4.2.2), water flooding (brine injection #1) was performed first. 

As expected, the oil recovery from water flooding was similar for all materials (since the polymeric 

material is not a factor at this stage). The slight variation in water flooding performance would 

likely be due to subtle changes in sand-pack characteristics between trials.  
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Clearer differences are observed at the polymer flooding stage, since the nature of the polymeric 

material can significantly affect the enhanced oil recovery performance. Here, we have confirmed 

that the designed terpolymers of AMPS/AAm/AAc show a significant improvement over the 

commercial reference. Terpolymer #2 has the best EOR performance, and 48.4% (nearly half of 

the original oil volume) is recovered during the polymer flooding stage. This is an excellent result, 

and is aligned with what was expected based on the displacement test results (recall the high RF 

values in Figure 4.29). Also, the % oil recovery from the polymer flooding is approximately twice 

as much for terpolymer #2 as it is for the reference material. Therefore, it is a significant 

improvement over currently available commercially standard materials. Terpolymer #1 also 

performs very well at this stage, recovering (on average) 36.1% of the original oil in place. This, 

too, is much higher than the recovery achieved by the commercially available reference material.  

 

The final experimental stage during heavy oil displacement experiments is post-polymer water 

flooding (or brine injection #2). Here, more brine is added to the sand-pack system so that any 

residual oil or polymeric material can be flushed from the reservoir. At the beginning of this stage, 

it can be advantageous to have some polymeric material entrained in the sand-pack; as it is 

removed from the system, it will sweep residual oil with it and promote further oil recovery. Trials 

for all three polymer solutions exhibited some oil recovery during post-polymer water flooding, 

but the terpolymers allowed for better recovery at this stage compared to the reference material. 

This further confirmed that both designed terpolymers are excellent materials for the enhanced oil 

recovery application. 

 

The recovery data from each stage can be summarized by calculating the incremental oil recovery 

and the overall oil recovery. Incremental oil recovery measures the contributions of the polymeric 

material compared to standard water (or brine) flooding. Therefore, incremental oil recovery is the 

sum of the recovery values from polymer flooding and post-polymer water flooding. The overall 

oil recovery, as one might expect, is the sum of the % oil recovered throughout the three recovery 

stages. As shown in the last two columns of Table 4.22, the incremental oil recovery was much 

higher for both terpolymers relative to the reference material. By using terpolymer #1, an 

additional 52.7% of the original oil in place was recovered; this valuable oil would have remained 

in the reservoir if only water flooding had been used. Thus, polymer flooding with terpolymer #1 

led to a total oil recovery of 78.0%. An even more impressive result was observed when terpolymer 

#2 was injected. An additional 63.3% of the original oil in place was recovered during the polymer 

flooding and post-polymer flooding stages, which ultimately made it possible to achieve an overall 

recovery of 88.7%. This excellent result was achieved through careful design of materials, a good 

understanding of product requirements, and careful manipulation of polymer formulations 

(informed by kinetic understanding) to achieve the desired material properties. 
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4.2.4 Concluding Remarks on Optimally Designed Terpolymers for EOR 

 

Two optimally designed terpolymers were selected based on the results of the screening 

experiments of Section 4.1. The formulations were selected so that the resulting AMPS/AAm/AAc 

terpolymers would have high molecular weight averages (on the order of 106 g/mol), high AAm 

content, and a desirable microstructure (with anions well-distributed along the backbone). Given 

an improved understanding of polymerization recipes and operating factors on the polymerization 

kinetics and resulting terpolymer characteristics, the two optimally designed terpolymers were 

synthesized at pH 7, ionic strength = 0.9 M, and monomer concentration = 1.5 M. The feed 

compositions selected were fAMPS,0/fAAm,0/fAAc,0 = 0.21/0.69/0.10 and 0.10/0.75/0.15. 

 

Thorough characterization confirmed that the terpolymer properties were as expected and were 

well aligned with the properties of a commercially available reference material. Several 

independent experiments confirmed that synthesis replicates and characterization replicates 

showed excellent repeatability. This is hardly ever done in the polymerization literature. We also 

found that the cumulative terpolymer compositions were as predicted from ternary reactivity ratio 

estimates, molecular weight averages were of the expected order of magnitude, and thermal 

stability was improved with the addition of AMPS. Thus, investigation of several unique polymer 

properties confirmed the validity of the designed formulations. 

 

Given these confirmatory results, application-specific properties were evaluated. The rheological 

properties of the newly designed terpolymers were evaluated in aqueous solution and in buffer, 

and behaviours were similar to the reference material. The terpolymer solutions had higher shear 

viscosities in water (compared to the reference material), but the reference material was less 

affected by the presence of salt. Also, both terpolymers had lower tanŭ profiles than the reference 

material, indicating higher elasticity (which often translates to improved EOR performance).  

 

Finally, two phases of sand-pack flooding experiments were conducted to mimic the performance 

of each polymeric material in an oil reservoir. Here, both terpolymers were evaluated, and a new 

reference material (as described in Table 3.5) was used for comparison purposes. In the first phase 

of testing, polymer flow performance was established with displacement tests. Terpolymer #2 had 

the highest resistance factor (therefore highest potential for mobility control), but also the highest 

residual resistance factor, which indicates that residual polymeric material could cause injectivity 

issues within the reservoir. Terpolymer #1 also exhibited good flow performance, and would be 

an improvement over the reference material. 

 

In the second phase of testing, oil was injected into the sand-pack system to evaluate the oil 

recovery efficiency (especially in the polymer flooding stage). For all three materials, the pressure 

within the sand-pack system was at reasonable levels and controllable throughout testing, so no 

plugging occurred. Terpolymer #2 was an excellent polymer for EOR; the incremental oil recovery 
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(that is, the percentage of original oil in place that was removed after water flooding) was 63.3%, 

and the total oil recovery was 88.7%. Terpolymer #1 also performed exceptionally well, averaging 

a total oil recovery of 78.0%. Both optimally designed terpolymers performed much better than 

the reference material, which was able to recover 59.8% of the original oil in place. 

 

Thus, the design approach was successfully employed to synthesize, characterize and test optimal 

materials for enhanced oil recovery. We have acquired a wealth of information about the 

AMPS/AAm/AAc terpolymer, our model predictions were accurate, and our hypotheses for further 

performance were valid. Therefore, we can be confident in the application performance of these 

optimally designed terpolymers and the excellent oil recovery results. 
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Chapter 5. An Aside: Comparison of Binary and Ternary 

Reactivity Ratio Estimates 
 

5.1 Using Appropriate  Estimation Procedures 

 

Section 5.1 has been recently published in European Polymer Journal [38]; the distinction between 

binary and ternary reactivity ratio estimates is an important part of this research, and is described 

in what follows. 

 

A big issue associated with ternary systems is a widely accepted analogy between 

copolymerization and terpolymerization mechanisms. Many researchers [123-134] have used 

binary reactivity ratios (obtained from copolymerization experiments) in models dealing with 

terpolymerizations. Although this approximation has been successfully used in some instances 

(see, for example, [127-129, 134]), it is not always accurate [123-125, 131]. Using binary reactivity 

ratios to describe ternary systems effectively ignores the presence of the third comonomer, which 

will inevitably change the reaction conditions (and may ultimately affect the polymerization 

kinetics). The effect of the third comonomer ultimately depends on its chemical identity and the 

overall polymerization órecipeô to which it is being added. At the very least, monomer 

concentration may vary, potentially affecting rate of polymerization and molecular weight 

averages. For recipes similar to the AMPS/AAm/AAc terpolymer (described previously and in 

Section 5.1.2), there can also be a significant electrostatic effect (consider how an additional 

charged monomer can change the ionic strength of the system). Incorporation (propagation) of a 

particular monomer may have occurred quickly and easily in an associated copolymer system, but 

the introduction of a third monomer may result in competitive monomer addition. Thus, using this 

type of binary analogy for ternary systems calls into question the accuracy of the reactivity ratios, 

which in turn affects model prediction performance of terpolymer product characteristics. 

 

Previously, it has been suggested that ternary reactivity ratios should be estimated directly from 

terpolymer composition data, as opposed to using the related binary copolymer reactivity ratios 

[57].  However, direct comparison between binary and ternary systems has never been possible; 

differences in reactivity ratios may have been due to numerous other factors including reaction 

conditions and parameter estimation methods. Now, experimental binary and ternary data are 

directly compared for the 2-acrylamido-2-methylpropane sulfonic acid (AMPS)/acrylamide 

(AAm)/acrylic acid (AAc) system, based on recent copolymerization studies by Riahinezhad et al.  

[84] and Scott et al. [62], and an associated terpolymerization study [80]. To our knowledge, this 

is the first time that binary and ternary reactivity ratios have been compared directly, for the same 

system, with all other variables kept constant; to the extent possible, only the number of 

comonomers (two or three) and the feed composition were varied. Therefore, a direct comparison 

of binary and ternary reactivity ratios is finally possible.  
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5.1.1 Case Study: Terpolymerization of AN/Sty/MA 

 

Estimating accurate reactivity ratios for multi-component systems is an important aspect of 

polymer reaction engineering, as the reactivity ratios are used to predict composition and sequence 

length properties of the polymer product. Hence, it is important to check the reliability of the model 

by evaluating, for instance, agreement between experimentally determined composition data and 

predicted terpolymer compositions. Many of the research groups who have used binary reactivity 

ratios to describe ternary systems have observed serious deviations between their experimental 

data and model predictions, which has led them to question the credibility of the Alfrey-Goldfinger 

terpolymerization model (see, for example, [123, 125, 131], with a more detailed discussion in 

[57]). In reality, it is the accuracy of the reactivity ratios (as parameter estimates used within the 

model) that should be questioned.  

 

As an example (first exhibited by Kazemi [135] and re-evaluated for the current work), the 

terpolymerization of acrylonitrile (AN, M1), styrene (Sty, M2) and maleic anhydride (MA, M3) 

was studied by Kressler et al. [125]. In the original investigation, the corresponding binary 

reactivity ratios (for each of the possible copolymer systems) were obtained from the literature 

(see Table 5.1), and were used to predict terpolymerization composition. As shown in Figure 5.1a, 

there was a significant disagreement between the experimental data and the model predictions 

when binary reactivity ratios were used. 

 

By applying the EVM methodology to their (instantaneous) terpolymerization data, it is possible 

to estimate ternary reactivity ratios for the system (see again Table 5.1). Figure 5.1b shows that 

using these ternary reactivity ratios significantly improves the prediction performance of the A-G 

model. These excellent results can be attributed to (1) choosing to include the third comonomer in 

the estimation process and (2) using the EVM methodology for reactivity ratio estimation.  

 

Table 5.1: Comparison of Binary and Ternary Reactivity Ratio Estimates AN(M 1)/Sty(M2)/MA(M 3) 

Reactivity Ratios r12 r21 r13 r31 r23 r32 

Binary 0.04 0.41 6.00 10-4 0.04 10-4 

Ternary 0.14 0.58 0.40 2.40 0.05 0.07 
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  (a)       (b) 

 
Figure 5.1: Experimental [125] and Predicted Terpolymer Composition for the AN/Sty/MA Terpolymer, 

using (a) Binary and (b) Ternary Reactivity Ratio Estimates for Prediction (Inspired by [135]) 

 

These results confirm the hypothesis that binary and ternary reactivity ratios can differ 

significantly for a given system, and therefore should not be used interchangeably. However, since 

the binary reactivity ratios used for the original analysis were taken from literature (and would 

have been estimated using various techniques), the accuracy of the binary values was rather 

questionable. For a direct and fair comparison of binary and ternary reactivity ratio estimates, it is 

necessary to collect dependable experimental data from both terpolymerization experiments and 

(the so-called analogous) copolymerization experiments. This ensures experimental consistency 

as well as statistically sound parameter estimation (using EVM) for both the binary and ternary 

systems. Thus, in what follows, the terpolymer of 2-acrylamido-2-methylpropane sulfonic acid/ 

acrylamide/acrylic acid will be compared to the associated copolymers, based on recent studies by 

Riahinezhad et al. [84] and Scott et al. [62].  

 

5.1.2 Direct Comparison of Binary and Ternary Systems (AMPS/AAm/AAc) 

 

In what follows, the error-in-variables-model (EVM) is used to estimate reactivity ratios for the 

copolymerizations and the terpolymerization associated with the AMPS/AAm/AAc system. Data 

sets containing monomer feed composition, conversion and cumulative copolymer composition 

are fed to a MATLAB-based EVM program to obtain the best possible reactivity ratio estimates 

(and associated joint confidence regions, JCRs) [57, 67]. However, the goal here is to investigate 

more than just the reactivity ratios themselves. For the first time (to our knowledge), it is possible 

to do a direct comparison of binary and ternary systems, all else (polymerization conditions, 

reactivity ratio estimation techniques, etc.) being equal. 

 



129 

 

Thus, in Section 5.1.2.1, there will be a comparison of point estimates and the estimated degree of 

precision associated with the reactivity ratio estimates (JCRs) for binary and ternary systems. To 

complement these results, Section 5.1.2.2 will provide an in-depth look at composition prediction 

performance (using binary and ternary reactivity ratio estimates to predict cumulative terpolymer 

composition).  

 

5.1.2.1 Comparison of Reactivity Ratios 

 

Experimental information and data used for reactivity ratio estimation have been presented 

previously by Riahinezhad et al. [84] and Scott et al. [62, 80]. Now, it is finally possible to show 

a direct comparison of the binary reactivity ratios (for three distinct copolymerizations) and the 

ternary reactivity ratios (for the AMPS/AAm/AAc terpolymer). A numerical comparison is 

provided in Table 5.2, and joint confidence regions for each comonomer pair are presented in 

Figure 5.2 through Figure 5.4.  

 

It is important to note that three distinct data sets were used to estimate the binary reactivity ratios 

(one for each comonomer pair). In contrast, all six ternary reactivity ratio estimates were obtained 

from a single data set (experimental terpolymerization data). However, the JCRs have been split 

into comonomer pairs (in Figure 5.2 through Figure 5.4) for straightforward comparison. The main 

focus of this investigation is to compare copolymerization and terpolymerization data for ternary 

reactivity ratio estimation, but a second (more practical) observation cannot be ignored: using 

copolymerization data to describe a ternary system requires double the experimental work (2 

optimal copolymer feed compositions × 3 comonomer combinations (6 polymerizations in total) 

vs. 3 optimal terpolymer feed compositions (3 polymerizations in total)). This advantage becomes 

even more significant in considering replication and/or evaluation of model prediction 

performance: the binary reactivity ratios would need a minimum of four additional runs (each of 

the 3 comonomer pairs plus 1 terpolymerization). Conversely, 1 terpolymerization run would 

provide enough data to confirm the ternary reactivity ratio estimates and demonstrate the accuracy 

of the terpolymerization model prediction. 

 

Table 5.2: Comparison of Binary and Ternary Reactivity Ratio Estimates AMPS/AAm/AAc 

Reactivity Ratios rAMPS/AAm rAAm/AMPS rAMPS/AAc rAAc/AMPS rAAm/AAc  rAAc/AAm  

Binary 0.18 0.85 0.19 0.86 1.06 0.22 

Ternary 0.66 0.82 0.82 0.61 1.61 0.25 
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Figure 5.2: Comparison of Reactivity Ratio Estimates for Comonomers AMPS/AAm using 

Copolymerization Data (Binary Estimates) and Terpolymerization Data (Ternary Estimates) 

 

 

 
Figure 5.3: Comparison of Reactivity Ratio Estimates for Comonomers AMPS/AAc using 

Copolymerization Data (Binary Estimates) and Terpolymerization Data (Ternary Estimates) 
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Figure 5.4: Comparison of Reactivity Ratio Estimates for Comonomers AAm/AAc using 

Copolymerization Data (Binary Estimates) and Terpolymerization Data (Ternary Estimates) 

 

The most important observation from Figure 5.2 through Figure 5.4 is the following: binary and 

ternary reactivity ratios for a given comonomer pair differ significantly, even under the same 

reaction conditions. For all three comonomer pairs, no overlap of JCRs is observed. Although 

individual reactivity ratio estimate values are similar (between binary and ternary systems) for 

rAAm/AMPS and rAAc/AAm, they should not be evaluated without their corresponding counterparts (that 

is, one cannot make statements about r ij without also considering r ji). Thus, point estimates are 

statistically different when the binary and ternary estimates are compared. 

 

In Figure 5.2 and Figure 5.3, the size and orientation of the binary and ternary JCRs are similar, 

which represents a similar degree of confidence in both the binary reactivity ratio estimates and 

ternary reactivity ratio estimates. Also, the fact that the JCRs are fairly round (and not inclined) 

indicates that there is little correlation between the parameter estimates. This is largely due to the 

fact that EVM-based design of experiments was used to select feed compositions for both the 

copolymerization and terpolymerization studies. In Figure 5.4, the uncertainty in rAAm/AAc seems 

to be much larger than the uncertainty in rAAc/AAm (notice how the JCR is somewhat óstretchedô 

horizontally). However, this is partially due to the relative values of rAAm/AAc and rAAc/AAm. Since 

rAAm/AAc is almost 6 times larger than rAAc/AAm, the absolute error is necessarily larger in the 

horizontal direction; this phenomenon has also been addressed by Scott and Penlidis [6]. This 

behaviour is visible for the copolymer because the analysis is evaluating the AAm/AAc 

relationship in isolation. When the full terpolymerization data set is used for analysis, additional 

information content helps to improve the precision of all reactivity ratio estimates.  
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The data can also be evaluated by looking at the three comonomer pairs herein, as they are divided 

into Figure 5.2 through Figure 5.4. One might expect that if rij > rji for the binary system, the same 

would be true for the ternary system. However, this is not always the case! As shown in the case 

study of Section 5.1.1 (with data from Kressler et al. [125]), relationships between comonomers 

may change between the binary and ternary systems; see again Table 5.1. 

 

In the current study, only two of the three comonomer pairs have consistent trends between the 

binary and ternary reactivity ratio estimates (see again Table 5.2). In looking at the combination 

of AMPS and AAm, rAAm/AMPS > rAMPS/AAm for both co- and terpolymerization. The trend is also 

consistent for AAm/AAc. Thus, it is reasonable to conclude that acrylamide is more reactive than 

the other comonomers (under these experimental conditions), regardless of whether a copolymer 

or a terpolymer is being synthesized. 

 

In examining the AMPS/AAc comonomer pair, the relationship between reactivity ratios is not so 

predictable. While rAAc/AMPS > rAMPS/AAc for the binary system, the opposite is true for the ternary 

system. The reactivity ratio estimates are also (numerically) closer together for the 

terpolymerization than they are for the copolymerization. We would postulate that this is due to 

the presence of acrylamide in the recipe; a non-ionized monomer in the presence of two ionized 

monomers would influence electrochemical interactions (and reduce repulsion) between AMPS 

and AAc.  

 

More generally, it is also important to recognize the increase in AMPS reactivity for the 

terpolymerization. Table 5.2 indicates that rAMPS/i is noticeably larger for the ternary system than 

for the binary system, where i can be either AAm or AAc. This would suggest that the low 

reactivity of AMPS in the binary systems is not due to steric hindrance, but rather due to charge 

effects. 

 

Direct comparison of binary and ternary reactivity ratios for the AMPS/AAm/AAc system has 

shown significant numerical differences, as well as some shifts in behaviour. However, point 

estimates are only one part of the story. It is equally important to evaluate the prediction 

performance when binary and ternary reactivity ratio estimates are used in the terpolymerization 

model. 

 

5.1.2.2 Comparison of Composition Predictions  

 

As mentioned previously, binary reactivity ratios are often used to predict terpolymer composition 

using the Alfrey-Goldfinger (A-G) model. However, for more accurate results, the recast A-G 

model (Equations 2.31 to 2.33) can be used in combination with recently determined ternary 

reactivity ratios [57]. In what follows, the recast A-G model is used to predict terpolymer 

composition using both the binary and ternary reactivity ratio estimates of Table 5.2. 
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Experimentally determined composition measurements (obtained using elemental analysis; see 

Section 3.3.2) are also included for evaluation of the model. 

 

Ternary composition diagrams for the AMPS/AAm/AAc terpolymer are shown in Figure 5.5. The 

three optimal feed compositions used for reactivity ratio estimation (established using EVM design 

of experiments) are close to the corners of the triangle, since each is rich in one comonomer. The 

initial feed compositions, along with the measured and predicted terpolymer compositions, are 

shown in Figure 5.5 for both the binary and ternary reactivity ratio estimates. One should note that 

these compositions have been measured over the full conversion range, so scatter is due to 

composition changes (as a function of conversion) and should not be taken as poor reproducibility. 

 

   (a)       (b) 

 
Figure 5.5: Experimental [80] and Predicted Terpolymer Composition for the AMPS/AAm/AAc 

Terpolymer using (a) Binary and (b) Ternary Reactivity Ratio Estimates for Prediction 

 

The ternary composition diagrams show fairly good agreement between the predicted and 

measured cumulative terpolymer compositions. However, closer examination of the prediction 

performance of the binary reactivity ratio estimates reveals that the AMPS-rich terpolymer 

composition is not well predicted (especially compared to the prediction performance of the 

ternary reactivity ratio estimates for the same recipe).  

 

This motivates closer examination of the AMPS-rich system. In Figure 5.6, the cumulative 

terpolymer compositions for all three comonomers (AMPS, AAm and AAc) are plotted against 

conversion, and the stark contrast between binary and ternary predictions is clearly visible. The 
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experimental data are in much better agreement with the ternary-based model. This is to be 

expected (as per previous discussion) and confirms the importance of using ternary reactivity ratios 

to describe/model terpolymer systems.  

 

 
Figure 5.6: Experimental [80] and Predicted Terpolymer Composition for the AMPS-rich Terpolymer 

(fAMPS,0/fAAm,0/fAAc,0 = 0.8/0.1/0.1) 

 

It is always good to confirm that model predictions (after parameter estimation) agree with 

experimental data. However, models are typically evaluated using the same experimental data that 

were used for parameter estimation [80]. It is important, then, to confirm that the model still holds 

when the behaviour of new recipes (that is, feed compositions not included in the design data) is 

being predicted. As mentioned previously, three optimal recipes were chosen for reactivity ratio 

estimation using EVM design of experiments; these were described in Section 2.3.1.2 and in 

previous work by Scott et al. [80]. Due to the nature of the design, all three points are near the 

corners of the composition triangle; they are rich in one comonomer and have low quantities of 

the other two comonomers. It is interesting to evaluate whether the model obtained from these 

three points still holds when the operating conditions are closer to the ómiddleô of the triangle. That 

is, do the reactivity ratio estimates discussed in Section 5.1.2.1 apply to the entire composition 

range? 

 

To establish whether the reactivity ratio estimates (and subsequent terpolymer composition 

predictions) hold for all compositions, three sub-optimal terpolymerization recipes were evaluated. 

The same synthesis and characterization procedures were used as described previously (see 
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Section 3.2 and previous work by Scott et al. [80]; synthesis conditions were pH 7±0.5, IS = 0.9 

M; [M] = 1.0 M), but the results were not used for reactivity ratio estimation. Therefore, the 

reactivity ratio estimates are entirely independent of this sub-optimal region of experimental data. 

Figure 5.7 compares the experimentally measured terpolymer compositions and associated 

predicted (cumulative) terpolymer compositions for three additional recipes (fAMPS,0/fAAm,0/fAAc,0 = 

0.5/0.1/0.4; 0.2/0.4/0.4; 0.3/0.5/0.2). 

 

  (a)       (b) 

 
Figure 5.7: Experimental and Predicted Terpolymer Composition for Sub-Optimal AMPS/AAm/AAc 

Terpolymerizations, using (a) Binary and (b) Ternary Reactivity Ratio Estimates for Prediction 

 

For comparison (and to return to the main goal of the current study), we can again look at the 

prediction performance of both the binary and ternary reactivity ratio estimates. The binary 

estimates were lacking for the optimally designed experiments (recall Figure 5.5), but they are 

even worse for the sub-optimal experiments.  In Figure 5.7a, the biggest prediction discrepancy is 

for fAMPS,0/fAAm,0/fAAc,0 = 0.5/0.1/0.4 (which is graphically the lowest feed composition in the 

triangle). The other two predictions (both containing more AAm) are in the right general region, 

but the direction of the prediction (that is, the slope of the predicted composition) does not agree 

with the experimental data.  

 

These results can be contrasted with the model prediction using ternary reactivity ratio estimates, 

as shown in Figure 5.7b. The ternary prediction performance is much better than the binary 

prediction performance, which again highlights the importance of using ternary reactivity ratio 

estimates to describe/model/predict terpolymerization behaviour. From these results, it is also 

possible to confirm/conclude that ternary reactivity ratios obtained from optimally designed 
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experiments [60] apply to the whole composition range; the recast A-G model holds for any initial 

feed composition. 

 

Though the ternary model has excellent prediction performance for all three feed compositions, 

the trend is not entirely correct for fAMPS,0/fAAm,0/fAAc,0 = 0.5/0.1/0.4. The experimental data points 

seem to vary horizontally (physically, this indicates that Ὂ  shows very little drift). However, 

the model shows a different trend, suggesting that Ὂ  is the comonomer fraction that remains 

approximately constant. For the sake of completeness, we can also look back to the binary 

prediction; because it varies in the opposite direction, it is predicting that Ὂ  will exhibit the 

least drift. Obviously, any one of these comonomer fractions are related to the other two (ВὊ

ρ), but the model predictions and the experimental data seem to be in disagreement. Thus, the 

cumulative terpolymer composition can be examined as a function of conversion (Figure 5.8). 

 

 
Figure 5.8: Experimental and Predicted Terpolymer Composition for the Sub-Optimal Terpolymer 

(fAMPS,0/fAAm,0/fAAc,0 = 0.5/0.1/0.4) 

 

As mentioned earlier (in the discussion surrounding Figure 5.7b), the ternary plot indicated that 

there may be some discrepancies between the experimentally observed trends and trends predicted 

by the model (specifically for fAMPS,0/fAAm,0/fAAc,0 = 0.5/0.1/0.4). One might think that this variation 

is a result of composition drift changing with conversion, but it is actually due to slight differences 

between runs. Figure 5.8 confirms that any concerns about prediction performance are unfounded; 

the experimentally determined cumulative terpolymer composition and the ternary model 
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prediction are in very good agreement. The inconsistency observed in Figure 5.7b was not a result 

of bad prediction performance. Rather, a replicate run was óbiased highô (in terms of Ὂ  

measurements) and created a false impression. This variability between runs is not a cause for 

concern; the replicate run was performed entirely independently (from stock solution preparation 

to synthesis to characterization), so some experimental error is perfectly normal.  

 

Another important take-away from Figure 5.8 is the terrible prediction performance when binary 

reactivity ratios are used in the model. It has already been noted that the incorporation of AMPS 

changes considerably when the system changes from a copolymerization to a terpolymerization. 

This has been observed both in the change of reactivity ratio estimates (recall Table 5.2) and 

prediction performance for the optimally designed feed compositions (especially 

fAMPS,0/fAAm,0/fAAc,0 = 0.8/0.1/0.1; see Figure 5.6). Previously, in Figure 5.6, using binary reactivity 

ratios in the recast Alfrey-Goldfinger model severely underestimated Ὂ , which in turn 

affected the prediction performance for the other comonomer fractions. Now, for a sub-optimal 

recipe, this problem is amplified. 

 

The initial feed composition, again, is fAMPS,0/fAAm,0/fAAc,0 = 0.5/0.1/0.4. It is important to restate 

this here, because the fractions of AMPS and AAc in the recipe are close, but fAMPS,0 > fAAc,0. In 

the product terpolymer, the cumulative fraction of AMPS remains greater than that of AAc; 

Ὂ  Ὂ  is measured throughout the polymerization (at least up to ~50% conversion). When 

the ternary reactivity ratio estimates are used in the recast A-G model, the model prediction 

supports these experimental observations, as it should. In contrast, when binary reactivity ratio 

estimates are used in the model, Ὂ  Ὂ  for up to about 85% conversion. This 

inconsistency is a major disadvantage of using binary reactivity ratio estimates to describe a 

ternary system. Imagine trying to synthesize an AAc-rich terpolymer (given inappropriate binary 

data), and finding that the end product is actually AMPS-rich! This would only result in frustration 

and wasted resources. It is therefore preferable, when possible, to use ternary reactivity ratios to 

obtain information about terpolymerization systems. 

 

5.1.3 Concluding Remarks on Appropriate Estimation Procedures 

 

Terpolymerization kinetics are complex. Historically, binary reactivity ratios have been used to 

predict terpolymerization behaviour (with some success), but this work shows that this binary-

ternary analogy is not always applicable. These results suggest that terpolymerization kinetics 

should not be oversimplified by applying binary reactivity ratios to ternary systems. When 

researchers use copolymerization data to describe a terpolymerization, they are essentially 

ignoring the presence of the third comonomer (and any possible interactions with the other two 

comonomers) and doubling the amount of experimental work required for reactivity ratio 

estimation.  
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In directly comparing the binary and ternary reactivity ratios for the AMPS/AAm/AAc system, 

significant differences in reactivity ratio estimates (numerically speaking) and in related trends 

were observed. This ultimately affects model prediction performance; binary reactivity ratios 

applied to the (recast A-G) terpolymerization model did not agree with experimentally measured 

composition data. In contrast, ternary reactivity ratios gave very good predictions.  

 

Through this study, it has been shown that three optimally designed feed compositions (selected 

using EVM-based design of experiments) provide enough information to accurately estimate 

ternary reactivity ratios. Not only do these three experiments provide better ternary reactivity ratio 

estimates (and subsequent prediction performance) than their so-called analogous binary 

estimates, but they also give equally good prediction performance for independent sub-optimal 

feed compositions. 

 

Thus, whenever possible, researchers should be motivated to use terpolymerization data to 

estimate ternary reactivity ratios. Design of experiments and the error-in-variables-model make 

data collection and parameter estimation straightforward and (perhaps more importantly) 

kinetically and statistically accurate. 

 

5.2 Terpolymer Troubleshooting Tips 

 

Section 5.2 has been recently published in a Special Issue of Processes regarding ñComputational 

Methods for Polymersò [136]; the article includes a series of case studies highlighting the 

advantages and challenges of estimating ternary reactivity ratios directly from terpolymerization 

data. A portion of the original article is presented in what follows. 

 

When terpolymerization experiments are selected with parameter estimation in mind (that is, using 

an error-in-variables model (EVM)-based design of experiments for ternary systems [60]), it can 

be straightforward to estimate ternary reactivity ratios using the information-rich data set. 

However, in using historical data (which may not be designed for parameter estimation), 

experimental terpolymerization data may not be sufficient for analysis. Common limitations in 

terpolymerization studies include composition restrictions or a lack of experimental information 

content (minimal replication, formulations selected targeting final properties rather than 

information collection, etc.). Since working with historical (previously collected) data has some 

challenges, the case studies presented herein address those challenges and aim to improve ternary 

reactivity ratio prediction to the extent which is possible. For example, additional targeted 

experiments (i.e., the sequential selection of experiments based on an existing data set), 

experimental replication, and full-conversion (cumulative) analysis can supplement a pre-existing 

terpolymerization data set. While additional targeted experiments and replication may require 

revisiting the lab (or simulating additional data), full-conversion data are often already available 
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from earlier runs. Cumulative analysis can provide greater information content from fewer 

experimental runs [54]. 

 

Despite the fact that binary reactivity ratios are only a numerical approximation for ternary 

systems, several cases have reported that model predictions using binary reactivity ratios seem to 

be in good agreement with terpolymerization data (most recently [137]). In these cases, although 

binary reactivity ratios provide good prediction performance, there are still benefits associated 

with using ternary reactivity ratios directly [38]. First, this ensures that no unfounded assumptions 

are made about the nature of the terpolymerization, where the addition of the third comonomer 

(and any interactions it might have with the other two comonomers) is carefully evaluated. Second, 

it reduces the experimental load required to characterize the system (e.g., two designed 

formulations of three copolymers require six experiments for binary reactivity ratios, compared to 

three designed formulations per single terpolymer requiring three experiments for ternary 

reactivity ratios). This is especially important if a new (unknown) combination of comonomers is 

being investigated. Third, and perhaps most importantly, the kinetic and statistical accuracy of 

using ternary reactivity ratio estimation in terpolymerization studies ensures accurate model 

predictions for the system being studied. 

 

Several case studies are revisited herein to explore the advantages (and challenges) of directly 

estimating ternary reactivity ratios from terpolymerization data. In the first two case studies 

(Section 5.2.1), common challenges in parameter estimation are addressed, such as process 

constraints (experimental/composition limitations) and numerical estimation constraints (ill-

conditioned systems). Additional case studies (Section 5.2.2) are then presented to provide a direct 

comparison between binary and ternary reactivity ratio estimates. When the above-mentioned 

challenges are not a factor, the advantages of estimating ternary reactivity ratios are evident. 

 

5.2.1 Addressing Composition Restrictions & Ill-Conditioned Systems 

 

In some cases, system limitations and/or product requirements do not necessarily allow for 

statistically designed experiments, such as those described in Section 2.3.1.2 (each rich in a single 

comonomer). This paucity of data presents a challenge for researchers, especially when they hope 

to estimate reactivity ratios for subsequent microstructural predictions. The question is: What does 

one do when a terpolymer system has composition restrictions? How can a limited data set be 

analyzed in such a way that researchers are confident in their parameter estimates? In what follows, 

we take a closer look at the challenges associated with two such systems and provide some 

suggestions for overcoming the experimental limitations. 
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5.2.1.1 Case Study: HOST/EAMA/PAG 

 

In a recent study, Pujari et al. [138] synthesized a terpolymer of 4-hydroxystyrene (HOST; 

monomer 1), 2-ethyl-2-adamantyl methacrylate (EAMA; monomer 2), and a photoacid generator 

(PAG; monomer 3) to use in chemically amplified resists. Specifically, the PAG used for 

terpolymerization was triphenylsulfonium salt 4-(methacryloxy)-2,3,5,6-tetrafluorobenzene 

sulfonate (F4 PAG). 

 

Pujari et al. [138] provided an interesting contrast between the copolymerization and 

terpolymerization behaviour for the same comonomers. The authors reported that of the three 

comonomers, only HOST would homopolymerize. The HOST/EAMA copolymers were easily 

synthesized and HOST/PAG copolymers were achievable when the feed composition of PAG was 

below 10 mol%. However, their attempts to synthesize an EAMA/PAG copolymer were entirely 

unsuccessful (at a variety of distinct feed compositions). Finally, they synthesized 

HOST/EAMA/PAG terpolymers from several different feed compositions, in spite of their 

inability to synthesize some of the analogous copolymers. This is an example of a system where 

binary (copolymerization) data would not be suitable for predicting terpolymerization behaviour. 

 

Since Pujari et al. [138] had a specific application in mind, all terpolymer formulations had similar 

initial compositions. In the feed, mole fractions were selected within the following ranges: 0.25 Ò 

f1,0 Ò 0.40, 0.50 Ò f2,0 Ò 0.75, and 0.01 Ò f3,0 Ò 0.10 (with ВὪ ρȢπ). Of particular interest for the 

current investigation is the very low mole fraction of PAG. At most, the PAG content in the feed 

was only 10 mol%. These experiments are not designed with reactivity ratio estimation in mind, 

rather, application requirements take precedence. However, these (low conversion) 

terpolymerization data were still used to estimate reactivity ratios and predict terpolymer 

properties. 

 

Pujari et al. [138] were able to estimate ternary reactivity ratios using Procop 2.3 [139]. However, 

because this data set has minimal information content, the results exhibit a multiplicity of 

solutions. Table 5.3 compares the reactivity ratio estimates reported by Pujari et al. [138] with 

three successive estimations (labelled A through C) using the instantaneous model via the EVM 

(with the preliminary estimate that r ij = 0.500 for all parameters). 

 

Table 5.3: Reactivity Ratio Estimates for HOST(1)/EAMA(2)/PAG(3) (Data from [138]) 

 r 12 r 21 r 13 r 31 r 23 r 32 

Reported by Pujari et 

al. [138] 

0.05 0.12 0.81 0.12 0.05 0.79 

Current Study (EVM Estimation)  

Inst. Estimation (A) 0.1063 0.2155 0.6754 0.0001 0.0877 0.0307 

Inst. Estimation (B) 0.1767 0.2394 99.9721 0.0002 0.0897 0.7035 

Inst. Estimation (C) 0.0003 0.1753 2.5329 0.0001 0.0728 99.9997 
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Clearly, the estimation stage and results using the instantaneous model with EVM are numerically 

unstable (and therefore unreliable). There are multiple solutions for this estimation. This is a 

limitation of using a data set that only contains limited process information arising from PAG-poor 

formulations. Although common sense suggests that a reactivity ratio pair of (r13, r31) = (99.9721, 

0.0002) seems unlikely, as seen in estimation (B), it is numerically possible. This is a numerical 

artefact, as reactivity ratios reach the óupper boundô (UB) of the parameter estimation program 

(UB = 100 for all parameter values during estimation). 

 

All reactivity ratios presented in Table 5.3 give almost identical prediction performance when the 

PAG fraction is low. As shown in Figure 5.9, all model predictions ófitô the experimental data 

(reported at one conversion level) equally well. The model predictions using the original reactivity 

ratio estimates reported by Pujari et al. [138] are not shown here, but they also ófitô the 

experimental data well and fall within the ranges of Figure 5.9. 

 
Figure 5.9: HOST/EAMA/PAG Terpolymer Composition Prediction for f1,0/f2,0/f3,0 = 0.4/0.5/0.1 

(Experimentally Measured Composition for TPF10 from Pujari et al. [138]) 

 

In contrast, if terpolymerization behaviour is predicted beyond the available experimental data 

(e.g., a PAG-rich formulation: f1,0/f2,0/f3,0 = 0.1/0.1/0.8), these considerably different reactivity ratio 

estimates give distinctly different results (see Figure 5.10). This is an extreme case, selected for 

demonstration purposes, and may not be achievable experimentally. However, this inconsistent 

prediction performance is observed for any PAG-rich recipe (with f3,0 as low as 0.4). 
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Figure 5.10: HOST/EAMA/PAG Terpolymer Composition Prediction for f1,0/f2,0/f3,0 = 0.1/0.1/0.8 

 

The predictions shown in Figure 5.10 highlight the importance of statistically well-designed 

experiments. In spite of the experimental limitations in this case (limiting the PAG content to 10 

mol%), introducing a run with as much PAG as possible would likely eliminate the numerical 

instabilities (and therefore improve the reliability of these estimation results). 

 

5.2.1.2 Case Study: BA/BMA/limonene 

 

Another terpolymerization case that is subject to composition restrictions (as well as ill-

conditioning) is the terpolymerization of n-butyl acrylate (BA; monomer 1), butyl methacrylate 

(BMA; monomer 2), and D-limonene (lim; monomer 3), recently studied by Ren et al. [134]. D-

limonene, a renewable monoterpene, is advantageous in terms of its polymer sustainability. When 

used as a comonomer it reduces the polymerization rate and molecular weight averages. Therefore, 

no more than 40 mol% lim was used in any feed composition for the study. The feed compositions 

used in the original investigation [134] are shown in Figure 5.11. 
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Figure 5.11: Feed Compositions for the BA/BMA/lim Terpolymer, as Reported by Ren et al. [134] 

 

Given that most experimental data are collected under lim-poor conditions, one might expect more 

error in the reactivity ratio estimates associated with the limonene comonomer. For both the 

instantaneous model (using low conversion data) and the cumulative model (using all available 

data), ternary reactivity ratio estimation was performed three times (always with M1 = BA, M2 = 

BMA and M3 = lim). The results of each estimation are shown in Table 5.4. In this case, the binary 

reactivity ratio estimates (as reported by Ren et al. [134], collected from previous work by Dubé 

and colleagues [79, 140, 141]) were used as the preliminary estimates. 

 

Table 5.4: Reactivity Ratio Estimates for Terpolymerization of BA(1)/BMA(2)/lim(3) with Experimental 

Data from Ren et al. [134] 

 r 12 r 21 r 13 r 31 r 23 r 32 

Reported by Ren et 

al. [134] 

0.46 2.008 6.08 0.007 6.096 0.046 

Current Study (EVM Estimation with Low Conversion Data) 

Inst. Estimation (A) 0.3729 1.4350 5.0098 <10-3 35.5943 13.0409 

Inst. Estimation (B) 0.4986 1.4982 5.2291 27.9826 52.3811 <10-3 

Inst. Estimation (C) 0.3729 1.4350 5.0098 <10-3 35.5924 36.9594 

Current Study (EVM Estimation with Full Conversion Data) 

Cum. Estimation (A) 0.2787 0.9949 4.9888 0.0001 29.6738 12.2200 

Cum. Estimation (B) 0.2733 0.9214 5.0104 0.0039 27.1517 10.0072 

Cum. Estimation (C) 0.4081 0.9987 5.4698 2.4651 30.0914 0.0001 
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As observed for the HOST/EAMA/PAG system, the estimation is numerically unstable. However, 

in general, the cumulative estimation results seem less ill-conditioned than in the instantaneous 

analysis. This is likely due to the increased information content provided when analyzing 

composition data over the full conversion range with a cumulative model [6]. 

 

Looking closer at the instantaneous estimation results, relatively good agreement is obtained 

between instantaneous estimations A and C. However, in both cases, the r23 and r32 estimates are 

both much greater than 1. Such a case has not been observed in free-radical copolymerization. 

There are some reports in the literature that have shown both estimates >1, but this is likely due to 

experimental error or a different copolymerization model being active. In this case, it is likely due 

to error, but the degradative chain transfer mechanism (due to the presence of limonene) may also 

contribute here. The uncertainty in this system is confirmed by comparing instantaneous 

estimations A and C to instantaneous estimation B. The fact that estimation results based on the 

same data set have considerable convergence issues (likely due to local optima) suggests that there 

is not sufficient information for reactivity ratio estimation directly from the terpolymerization data. 

 

Similar behaviour is observed for the cumulative case. Here, cumulative estimations A and B are 

similar, whereas the third estimation, estimation (C), shows more variation. Again, the estimation 

results indicate that two reactivity ratios (for a given comonomer pair) are both greater than 1. The 

same comonomer pairs are of concern here: The BMA/lim comonomer pair (r23 and r32) in 

cumulative estimations A and B, and the BA/lim pair (r13 and r31) in cumulative estimation C. This 

behaviour can be examined further by plotting the joint confidence regions (JCRs, or error ellipses) 

for each of the point estimates obtained using cumulative analysis (Figure 5.12). 

 

(a) 
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(b) 

 
(c) 

 
Figure 5.12:  Ternary Reactivity Ratio Estimates for the Terpolymerization of 

BA(1)/BMA(2)/lim(3), with Data from Ren et al. [134] 

 

As shown in Figure 5.12a, the JCRs associated with r23 and r32 are very large. The largest 

uncertainty was for estimation A, but subsequent estimations showed similar results. In 

comparison, the JCRs for the other parameters look like point estimates! This indicates substantial 

and disproportionate uncertainty in the estimates, especially for the BMA/lim comonomer pair.  

 

As we focus in on the other parameter estimates (for the BA/BMA pair and the BA/lim pair), the 

JCRs become much smaller (note the change in scale between Figure 5.12a and Figure 5.12b). 

Comparing BA/BMA to BA/lim, the most uncertainty is clearly for the BA/lim comonomer pair 

(especially for estimation (C)). In comparison, the JCRs for BA/BMA are very small, which gives 

a much higher degree of certainty compared to the other estimates (see Figure 5.12c).  
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The more precise estimation of r12 and r21 (that is, for the BA/BMA pair) is not coincidental. As 

mentioned earlier, the experimental data collected (Figure 5.11) only included formulations with 

low mole fractions of limonene. Therefore, we would suggest that a lack of lim-rich data has 

contributed to poor estimation performance for the BA/BMA/lim terpolymer. This agrees with 

previous copolymerization observations reported by Scott and Penlidis [6]. 

 

To demonstrate the importance of using well-designed data for ternary reactivity ratio estimation, 

supplemental data have been simulated for the BA/BMA/lim system. Experimental data were 

simulated using the binary reactivity ratio estimates (which, as per the original investigation, give 

acceptable predictions of terpolymer behaviour up to full conversion levels [134]). Two feed 

compositions, f1,0/f2,0/f3,0 = 0.1/0.8/0.1 and f1,0/f2,0/f3,0 = 0.1/0.1/0.8 (that is, BMA-rich and lim-rich 

formulations) were selected to supplement the original data set. In both cases, the total conversion 

range was divided into 19 points (between 0 and 0.99 in steps of 0.052) and the corresponding 

monomer composition mole fractions were calculated via direct numerical integration. Then, the 

cumulative terpolymer compositions were calculated using the Skeist equation ([142] as per [54]). 

Random error was added to all data to mimic real experimental observations: A 1% error was 

added to conversion and feed composition (fi,0) data, while a 2% error was added to the cumulative 

terpolymer composition (Ὂ) data. (Note that typically 5% error is standard for Ὂ data, but using 

those levels for this system would occasionally make the simulated limonene content negative, 

given the low incorporation of limonene).  

 

For the instantaneous case, three low conversion data points from each (simulated) feed 

composition were added to the data set. As shown in Table 5.5, the addition of these data 

óstabilizedô the estimation, and reactivity ratio estimates obtained were now almost well-behaved. 

However, the newly estimated parameters still pose a concern: For the r23 and r32 pair (BMA/lim 

comonomers), both reactivity ratios were much greater than 1 for the low conversion case 

(instantaneous). In fact, r32 was estimated at 100.00 from three consecutive assessments. As 

explained previously (in Section 5.2.1.1), this is a numerical artefact, where the parameter has 

reached the óupper boundô of the estimation program. However, the consistency of this result 

invites further investigation. 

 

It is our understanding that the r32 = 100.00 result is due to the ill-conditioned nature of the 

terpolymer system. Physically, we can explain it as follows: The limonene incorporation is very 

low at low conversion levels, such that k32 (the rate constant for terminal limonene radicals adding 

BMA monomer units) is tending to 0. Given the reactivity ratio definition, r32 = k33/k32, and as k32 

Ÿ 0, r32 Ÿ Ð. With this logic, we can explain the observation that r32 is continually hitting the 

upper bound of the estimation program. 
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Table 5.5: Reactivity Ratio Estimates for Terpolymerization of BA(1)/BMA(2)/lim(3) with Supplemental 

Data (Experimental Data from [134] and Simulated Data from Current Work) 

 r 12 r 21 r 13 r 31 r 23 r 32 

Reported by Ren et al. 

[134] 

0.46 2.008 6.08 0.007 6.096 0.046 

Current Study (EVM Estimation with Experimental and Simulated Low Conversion Data) 

Inst. Estimation (A) 0.3663 1.4317 7.5324 0.1003 10.1289 100.00 

Inst. Estimation (B) 0.3662 1.4317 7.5293 0.1004 10.1307 100.00 

Inst. Estimation (C) 0.3663 1.4317 7.5324 0.1003 10.1289 100.00 

Current Study (EVM Estimation with Experimental and Simulated Full Conversion Data) 

Cum. Estimation (A) 0.3009 2.4961 6.5236 0.0009 8.1873 0.0106 

Cum. Estimation (B) 0.3167 1.9085 5.7962 0.0017 5.9647 0.0087 

Cum. Estimation (C) 0.2876 1.5613 8.5751 0.0315 7.7202 0.1240 

 

In contrast, the cumulative analysis (which uses the composition data, both experimental and 

simulated, over the full conversion range) gives more stable results. Specifically, the estimation 

results show that r32 < 1. Clearly, supplementing the terpolymerization data set with optimal 

formulations (as per the EVM framework) significantly improves the stability and trustworthiness 

of ternary parameter estimates. Ideally, even more experimental data would be collected for the 

lim-rich system to offset the error associated with low limonene incorporation. 

 

5.2.2 Improved Performance with Ternary Data 

 

The above examples present a variety of challenges: data sets with low information content or ill-

conditioned systems (with reactivity ratios of different orders of magnitude) can make estimation 

difficult. If the estimation steps are unstable, then one does not have confidence in the final 

estimates. Unfortunately, even with many data points, researchers do not always have all the 

required information. Therefore, design of experiments for reactivity ratio estimation is key!  

 

In the cases that follow, we present some case studies that highlight the advantages of analyzing 

terpolymerization data directly using ternary reactivity ratio estimation. All three case studies were 

originally modelled using analogous binary reactivity ratios; the terpolymerization data have been 

revisited and reanalyzed. 

 

5.2.2.1 Case Study: BA/MMA/EHA 

 

A recent study by Gabriel and Dubé [137] investigated the terpolymer of butyl acrylate (BA; 

monomer 1), methyl methacrylate (MMA ; monomer 2) and 2Ȥethylhexyl acrylate (EHA; monomer 

3), which is a material of interest for pressure sensitive adhesives. First, the authors determined 

the reactivity ratio pairs for two of the associated copolymers (BA/EHA and MMA/EHA), and 

subsequently used these binary reactivity ratios, along with literature values for the BA/MMA 
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reactivity ratios, to predict terpolymer composition. The terpolymer model prediction (using binary 

reactivity ratios) showed good agreement with the collected data, as described in the original work 

[137]. 

 

In spite of the good results achieved using binary reactivity ratios, ternary reactivity ratio 

estimation directly from terpolymerization data presents some additional advantages. First, 

consider the experimental load: rather than nine experimental runs described by Gabriel and Dubé 

[137] (and additional prior work for estimating the BA/MMA reactivity ratios [63]), only three 

different feed compositions are required. Since Gabriel and Dubé [137] selected ternary feed 

compositions according to the EVM órule-of-thumbô for ternary reactivity ratio estimation [60], 

their data can be used to re-estimate reactivity ratios directly from terpolymerization data. 

 

First, only the low conversion data were used for an instantaneous analysis. Now, because these 

data points were collected for model validation (not necessarily parameter estimation), only 7 data 

points are available below 20% conversion. These data were used for ternary reactivity ratio 

estimation using the recast Alfrey-Goldfinger equation (recall Equations 2.31 to 2.33) and EVM 

(Equations 2.42 to 2.44). There are two observations of note here: (1) the estimation is stable, 

much more so than the case studies presented in Section 5.2.1, and (2) the estimation is 

symmetrical. That is, regardless of which monomer is defined as monomer 1, monomer 2 or 

monomer 3, the estimated parameters are the same. As an example, two variations are shown below 

and compared to the original (binary) estimation. Here, reactivity ratios are labelled according to 

the monomer name (rather than monomer number) for further clarity. Also, the colors shown in 

Table 5.6 are associated with the colors of the JCRs in Figure 5.13. 

 

Table 5.6: Reactivity Ratio Estimates for Terpolymerization of BA/MMA/EHA from Low Conversion 

Data (Experimental Data from [137]) 

 rBA/MMA  rMMA/BA  rBA/EHA  rEHA/BA  rMMA/EHA  rEHA/MMA  

Reported by Gabriel and 

Dubé [137] (binary reactivity 

ratio estimates) 

0.34 2.02 0.99 1.62 1.50 0.32 

Inst. Estimation 

(M 1/M 2/M 3 = BA/MMA/EHA)  

0.41 1.49 1.21 8.52 0.81 0.36 

Inst. Estimation 

(M 1/M 2/M 3 = MMA/EHA/BA)  

0.41 1.49 1.20 8.45 0.81 0.36 
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(a) 

 
(b) 

 
Figure 5.13:  Ternary Reactivity Ratio Estimates for the Terpolymerization of BA/MMA/EHA 

for (a) M1/M2/M3 = BA/MMA/EHA and (b) M1/M2/M3 = MMA/EHA/BA, with Instantaneous 

Data from [137] 

 

In general, the ternary reactivity ratios follow the same trends as the original (binary) reactivity 

ratio estimates (that is, if rij > rji for the binary case, the same relationship holds for the ternary 

case). However, rMMA/EHA  falls below 1.00 when estimated directly from terpolymerization data. 

This suggests that kMMA/MMA  > kMMA/EHA  in the binary case (homopropagation of MMA is 

preferable to cross-propagation of MMA and EHA), but that kMMA/MMA  < kMMA/EHA  in the ternary 

case (homopropagation becomes dominated by cross-propagation of MMA/EHA).  
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Another notable difference is the significant error present for the BA/EHA system. This is shown 

in both plots (of Figure 5.13), as the JCR for BA/EHA is much larger than the other JCRs. This 

may be related to the absolute value of the parameter estimates. As shown in a recent study [6], 

uncertainty becomes much greater for larger parameter values. Since rEHA/BA is larger than the 

other reactivity ratio estimates (by as much as 20 times, in some cases), the same relative error 

(assumed to be 5% for this system) will have a much larger absolute value in rEHA/BA compared to 

the other parameter estimates. This behaviour has been described for the copolymer case [6], but 

the difference in parameter estimates was observed within a single JCR (that is, the elliptical JCR 

was stretched in the direction of the larger parameter estimate). In this, a terpolymer case, the JCR 

associated with the comonomer pair containing larger parameter estimates is greater in both 

directions. The absolute value of the error seems magnified, likely because most other reactivity 

ratio estimates for the system are around or below 1.00. Another item of note is that both reactivity 

ratios for the BA/EHA pair are again >1; this may be for the same reasons discussed earlier for the 

BA/BMA/lim system. An additional reason may be related to the fact that the copolymerization of 

BA and EHA may lead to branched molecule formation and even microgel formation, which would 

complicate analysis further. 

 

Next, the full conversion data set is considered; ternary reactivity ratios can be estimated using the 

EVM and the cumulative terpolymerization model. All terpolymerization data from the original 

study [137] were used herein, and results are shown in Table 5.7 (and Figure 5.14). Again, the 

estimation is stable and symmetrical, which can be attributed to carefully designed data. As an 

aside, the estimation program also converged much more quickly; parameters were estimated in 

under an hour (on an Intel(R) CoreÊ i7-860 processor) compared to (on average) 50 hours of 

computation for the ill-conditioned system described earlier. 

 

Table 5.7: Reactivity Ratio Estimates for Terpolymerization of BA/MMA/EHA from All 

Terpolymerization Data (Experimental Data from [137]) 

 rBA/MMA  rMMA/BA  rBA/EHA  rEHA/BA  rMMA/EHA  rEHA/MMA  

Reported by Gabriel and 

Dubé [137] (binary  reactivity 

ratio estimates) 

0.34 2.02 0.99 1.62 1.50 0.32 

Cum. Estimation 

(M 1/M 2/M 3 = BA/MMA/EHA)  

0.41 1.60 2.01 7.59 0.74 0.35 

Cum. Estimation 

(M 1/M 2/M 3 = MMA/EHA/BA)  

0.41 1.60 2.06 7.66 0.74 0.35 
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(a)  

 
(b) 

 
Figure 5.14: Ternary Reactivity Ratio Estimates for the Terpolymerization of BA/MMA/EHA for 

(a) M1/M2/M3 = BA/MMA/EHA and (b) M1/M2/M3 = MMA/EHA/BA, with Cumulative Data 

from [137] 

 

The values estimated using all terpolymerization data (full conversion) are similar to the results of 

the instantaneous parameter estimation (compare Table 5.6 to Table 5.7). Also, in comparing 

Figure 5.13 to Figure 5.14, the JCR areas are reduced when the full conversion data set is used for 

analysis (note that scales are the same for easy comparison of Figure 5.13a to Figure 5.14a and of 

Figure 5.13b to Figure 5.14b). This is in agreement with previous studies [54, 57] and makes sense 

physically. Since more experimental data are available for analysis (18 data points over all 

conversion levels instead of 7 low conversion data points), the uncertainty associated with the 
































































































































































































































































































































