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A holistic approach to 
quantitative investing

Abstract
Quantitative approaches to public equity investing continue to introduce new 
sources of alpha and are now – in select areas – generating research insights in 
areas formerly reserved for qualitative fundamental analysis. Quant methodologies 
have been augmented very recently with expanded access to exponentially more 
powerful computing, as well as the rapid evolution of tools such as machine-
learning and natural language processing. These advances have enabled increased 
analysis of non-traditional data sets that have the potential to provide valuable 
investment insights and a competitive edge amongst active equity investors. 

SECTION I  explores the spectrum of quantitative strategies, sheds light on what  
we term “holistic quant” – a multi-faceted approach utilized by us  
and a growing number of quants – and touches upon both the  
advantages and disadvantages of quantitative processes. 

SECTION II   explores the origins of quantitative investing, the evolution of  
technologies and investment signals utilized by quants, and the  
characteristics necessary for factors and new investment signals to  
have predictive power. 

SECTION III  explores our perspective – as long-term practitioners of quant – on 
practices that can improve outcomes amongst quantitative public 
equity investment approaches. We believe that a more “holistic” 
approach to quantitative investing can enhance the opportunity for 
more consistent alpha across a wider array of market environments. 
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SECTION I
Defining holistic quantitative investing
It is not rare for us to encounter asset owners who eschew all quantitative strategies 
and lump them into a single bucket, while other former quant advocates abandoned 
their exposures during “quant winter” – an event that was driven in large part to the 
space’s over-reliance on the value factor. While we concede that single- or even 
dynamic multi-factor quantitative approaches continue to present the possibility 
for both unintended exposures and underperformance, we are also resolute in 
our belief that holistic quantitative investing is not only a readily differentiated 
approach, but also capable of generating uncorrelated alpha within multi-manager 
equity structures.

It’s worth addressing our definition of holistic quant investing. We define it as any 
investment process relying heavily on quantitative methods to generate alpha and 
manage risk while simultaneously incorporating some combination of the following: 
active positioning, idiosyncratic stock risk, fundamental perspectives, forward- and 
rearward-looking investment signals, multi-style – including core – positioning, and 
an awareness of the impact of portfolio implementation. For those that would lump 
all quant approaches into a single bucket, we differentiate holistic quant from many 
related approaches in Figure 1 below, including the concept of “smart beta,” the 
challenges of which we will present in detail in Section III of this paper. 

FIGURE 1:  SPECTRUM OF QUANTITATIVE INVESTMENT STRATEGIES
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We omit high frequency trading and statistical arbitrage in our analysis because, 
quite frankly, it is a markedly different subject, driven by complex algorithms, micro-
second decisions, execution-speed and multiple additional variables not typical in 
fundamental quant strategies.

For clarification on some of our arguments below, we also posit that both quantitative 
and qualitative approaches can be equally fundamental and bottom-up. As such, 
we suggest that “qualitative” (as opposed to “fundamental”) is the more accurate 
opposite of “quantitative.”   

We readily concede that quant investing has not advanced to the stage where 
it can credibly compete with the depth of many qualitative processes, such 
as meeting face to face with company management, assessing new product 
innovation, identifying moats and sustainable franchises, evaluating a restructuring, 
etc. We do not concede, however, that these limitations give qualitative processes 
an advantage over quant. Rather our view is that both quantitative and qualitative 
methods inherently possess their own advantages and disadvantages and hence 
can be utilized to complement one another in an overall manager structure. 

The most prominent advantage for quants is breadth of coverage. The public 
equity investment universe is massive, with over 3,000 US and 5,000 international 
developed stocks, and over 10,000 emerging markets and frontier securities. 
Recognizing that data availability differs by region, quants can fully apply their 
methodologies to the whole universe, whereas qualitative investors can only fully 
apply their methodologies to a small subset of their chosen universe. 

Our belief that breadth is a distinct advantage for quants is supported by Grinold 
& Kahn’s Fundamental Law of Active Management. Their formula suggest that a 
manager’s alpha is determined by their stock selection skill multiplied by the breadth 
of investment decisions. Quant has long been viewed as a way to get breadth 
inexpensively. You don’t need the massive teams of analysts on the ground or massive 
budget for plane tickets to cover a broader universe of opportunities.

Grinold & Kahn’s Fundamental Law of Active Management

IR = IC x √N
Where:

IR = ratio of portfolio returns above the returns of a benchmark to the volatility of 
those returns

IC = correlation of your return forecasts and outcomes

√N = breadth or the number of independent “bets” taken per unit of time

Source:  Richard C. Grinold and Ronald N. Kahn, Active Portfolio Management, November 1999.
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We further argue that quants have an advantage in less-efficient market segments 
such as small cap or emerging markets, where the spread of model returns amongst 
universe constituents is wider as exhibited in Figure 2. Our basic rationale is that 
a quant’s ability to evaluate the entire breadth of a universe also enables them to 
evaluate a significantly larger range of outcomes.

FIGURE 2:  QUANTITATIVE ALPHA EFFICACY 
SEPTEMBER 2002 - DECEMBER 2023

Bloomberg. Represents inter-quintile return spreads using 50/50 blend of Value and Momentum from September 2002 – 
December 2023. Source: Mackenzie Global Quantitative Equity boutique proprietary research

Other commonly accepted attributes of quantitative investing would include being:

• More conducive to controlling risk relative to a benchmark.
• More consistent to the extent that their models systematically  

apply the same methods.
• Less susceptible to human bias and errors in judgement.
• Faster and better at implementation than traditional qualitative analysis.

What is new is the recent paradigm shift in both the access to massive computational 
power combined with the rapidly advancing capabilities of AI and machine learning 
to evaluate larger and non-traditional data sets, enabling quantitative managers to 
identify new and more forward-looking investment signals that have the potential 
to generate more consistent and differentiated sources of alpha. 
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SECTION II
Technological advances in quantitative investing
The origins of quantitative investing as we know it today took place in the 1980s with 
the formation of several quantitative investment firms, many of which are still thriving 
today. A unique set of conditions were in place to incubate the fledgling industry. 
Financial data was available in digital format, with data vendors like Bloomberg, 
IBES and DAIS providing the earliest data sets. Computing power allowed early 
firms to do quantitative analysis which was previously incredibly tedious to perform. 

The foundational concepts for quantitative investing appeared as early as the 1930s, 
and the technology driving quantitative investing has evolved significantly. Let’s 
consider the example of portfolio optimization. In 1952, Harry Markowitz published 
the seminal paper “Portfolio Selection” in the Journal of Finance, where he laid the 
theoretical foundation for mean-variance optimization, which continues to be taught 
in colleges today. Fast forward to 2024, portfolio optimizers have evolved to use 
sophisticated non-linear optimization algorithms, allowing them to handle complex 
objective functions and constraints more effectively. The algorithms themselves 
have also become more efficient, utilizing a technology called parallel processing 
that enables unprecedented scalability, allowing managers to optimize much larger 
portfolios with thousands of securities in their universes.

MODERN QUANTITATIVE INVESTING: 100 YEARS IN THE MAKING
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We are in a new era of technological advancement and would argue that most 
innovation in public equity portfolio management is taking place on the quantitative 
side. The convergence of computing power, novel data sets and new techniques 
is allowing portfolio managers to investigate and capture investment signals that 
were previously not available to them. Many of the new techniques are broadly 
categorized under “machine learning” (ML), a field of artificial intelligence that that 
enables systems to identify patterns and make predictions from data, and also learn 
and improve from experience without being explicitly programmed. Below are some 
brief investment-related definitions for some of these technological advancements.

Novel data sets: 
Non-traditional sources of data from which investors can generate investment  
insights. Examples would include credit card usage data showing the sales of a 
company, satellite pictures of the number of cars parked in the stores of a retail 
company which could predict a trend in sales, or social media data that could pre-
dict investor sentiment. 

Natural language processing (NLP): 
The analysis of text data using computers to extract information from such sources 
as 10Ks, 10Qs and earnings transcripts. In the past, reading and inferring from 
textual information was off limits for quants which is no longer the case.

Large language models (LLM): 
AI-powered language models consisting of billions of parameters are now capable 
of understanding and generating text written in natural language. They can be used 
for querying information from a large set of data or analysis of textual inputs.

Generative AI: 
Models that are capable of generating new, original content rather than simply 
analyzing existing data or making predictions. Well known examples are OpenAI’s 
ChatGPT and Google’s Gemini.

Cloud computing/GPU computing:
Providers such as Amazon, Microsoft and Google allow quantitative investors to rent 
computers in their data centers which can be accessed remotely over the internet. 
This offers access to massive computational power combined with the ability to 
scale up whenever one needs to perform computationally intensive analysis and 
scale down when no longer needed. It allows quants to perform in hours tasks that 
used to take days or longer.

These machine learning technologies all contribute towards the production of 
investment signals, also referred to as alpha signals. Investment signals produce 
stock-specific alpha scores that quants use as an input into their investment models 
to predict future price movements. They are utilized as a component of – or an 
addition to – traditional academically supported investment factors, such as value, 
quality and growth.
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Utilization of quantitative factors and alpha signals
Quantitative factors and investment signals are quantifiable characteristics or 
metrics used to assess the attractiveness of investing in a security. 

One of the earliest known factors is the value factor, introduced by Benjamin 
Graham in his book “Security Analysis” (1934). Graham introduced into the collective 
consciousness of investors the idea of using a number associated with a company 
(e.g., price-to-earnings ratio) to make investment decisions.

In 1992, the Fama-French three factor model was introduced by Eugene Fama and 
Kenneth French, where they combined size, beta and value in a model used to 
predict stock returns. The following year, Narasimhan Jegadeesh and Sheridan 
Titman laid the foundations for momentum investing in a paper titled “Returns to 
Buying Winners and Selling Losers: Implications for Stock Market Efficiency”.

In the years following, academics and practitioners discovered a plethora of factors, 
populating what we now call the factor zoo, falling into broad classifications of 
factors such as value, momentum, growth, quality and technical. Without question 
quants today still rely heavily on academically supported factors as inputs to 
their models. But they are increasingly utilizing machine learning and novel-data-
set driven investment signals in their models. Figure 3 compares some common 
established factors with a few examples of the newer investment signals used today. 

FIGURE 3: FACTORS VS. INVESTMENT SIGNALS

Source: Mackenzie Global Quantitative Equity Team

The very broad range of newer innovative investment signals being discovered 
by quants is driving an increasing portion of the alpha within quantitative models 
and further increases the differentiation between quants. They can also define a 
quant’s competitive edge. When researching new factors and investment signals, 
we believe good candidates for inclusion must have the following attributes:  

• They need to make fundamental and intuitive sense. For example, it might 
be reasonable to base a US investment signal on congressional stock trades. 
Conversely, it would not be reasonable to use cheese sales in the Netherlands to 
predict the future returns of the S&P 500 Index, even if it was highly predictive in 
the past. Such spurious relationships are unlikely to persist in the future.

• They need to have statistical significance in the predictive models they are 
part of. If they have no predictive power, then they are not good candidates for 
addition to a model. Many different metrics to measure statistical significance 
can be used, including T-statistics and R2 values, although a detailed discussion 
on this is outside the scope of this paper.
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• They should have persistent efficacy over time. If a factor only works in brief 
periods of time, one should have little confidence that it will be effective in the 
future. Also, if a factor was only predictive in the distant past, but not in the 
recent past, it could be an indication that the effectiveness of the factor has 
been arbitraged away by investors, oftentimes referred to as “crowding.”

• They should also have widespread efficacy across different geographies and 
sectors of the economy. While countries and industries differ in meaningful 
ways, factors that are predictive in stocks across different segments of the 
global economy are more likely to capture persistent and real patterns.

• Lastly, new factors should be as uncorrelated to existing factors as possible. 
Adding highly correlated factors is unlikely to improve the overall predictive 
power of a model significantly, as it already contained information from highly 
similar factors. Uncorrelated factors inject fresh and more effective perspectives 
and novel insights into the model.

The last point explains the continuous and never-ending search for novel sources 
of data and new investment/alpha signals. With such a proliferation of factors and 
investment signals, quantitative managers must carefully consider the implications 
of adding them to their investment models. Techniques to do this have also evolved 
over time. A crude approach is to equally weight the predictions from multiple 
factors, and then average them. Another simple but more effective approach is 
to use a linear regression model, which gives more weight to factors that have 
proven to be more predictive in the past. Today, practitioners use a variety of factor 
combination techniques, considering non-linear effects as well as interactions 
between factors. Portfolio optimizers have evolved to use sophisticated non-linear 
algorithms allowing them to handle complex objective functions and constraints 
more effectively. The algorithms themselves have also become more efficient, 
utilizing parallel processing to allow for unprecedented scalability to optimize much 
larger portfolios with thousands of securities in their universes.

Although perhaps counterintuitive, all of these rapidly evolving tools, data sets, 
and investment signals require more human oversight, not less. It is critical that 
quantitative investors apply their experience and expertise to the entire process to 
help ensure that their data and model outputs make strong fundamental sense and 
lead to sound investment decisions.

Indeed, as we continue to push the boundaries, one thing is certain: the pursuit of 
alpha will continue, perpetuating the relentless search for new sources of insight 
and opportunity.
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SECTION III:
A practitioner’s insight on improving quantitative outcomes
As long-term practitioners of quantitative investing, we have learned many lessons 
through a wide variety of market environments that have led us to a differentiated 
approach we define as “holistic” quant. We have channeled our decades of 
investment experience into process improvements that we believe enhance our 
ability to consistently achieve alpha targets for our clients. These enhancements 
shape the cornerstone aspects of our investment process, and we are excited to 
share some of them here. 

In preview, we run a core investment process without overemphasizing any single 
investment style. We allow investment signal expected payoffs to vary based on 
company characteristics – a concept we call contextualization. We emphasize 
portfolio construction and implementation just as much as investment signal 
research. Staying nimble gives great advantage to investors, so we place strict AUM 
capacity limits on our strategies and rebalance all portfolios daily. We also keep 
our team size efficient to streamline decision making, and we value productivity 
enhancements to our investment process over headcount. We evaluate our broker 
trade execution to reduce transaction costs for our clients. We maintain human 
oversight of our quantitative process to ensure the output makes intuitive sense, 
and occasionally we make discretionary overrides when we believe opportunities 
to improve return outcomes presents themselves. We’re always seeking ways to 
improve our alpha model and portfolio construction to mitigate adverse events and 
maximize alpha. 

While each of the concepts discussed is powerful on its own, we believe our advantage 
comes from our holistic approach of combining everything into a comprehensive 
investment process that is managed by a cohesive and nimble team. 

Core process
Many quantitative strategies rely primarily on a narrower group of commonly 
accepted factors that are supported by well documented academic research. The 
challenge for these strategies has been that all factors, when viewed individually, 
experience both periods of outperformance and underperformance. We believe 
that a core process that balances a broader array of factors across growth, value 
and quality dimensions has the potential to generate greater alpha over multi-year 
cycles. No investment style outperforms across all market environments. This can 
be clearly seen in Figure 4 which uses the emerging markets large cap space as an 
example. It highlights periods (dark green) when a major investment style like value, 
growth or quality was in favour versus periods (dark red) when the style was out 
of favour. Each major investment style exhibits strong long-term performance with 
low return correlation with other styles. As such, we expect our core investment 
philosophy to deliver better performance over reasonable investment horizons 
versus managers emphasizing any one of these major factors. 
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FIGURE 4: STYLE EFFICACY IN EM OVER TIME 

Source: Mackenzie Global Quantitative Equity Team

We utilize a core approach with a goal of increasing consistency of investment 
performance and generating better investment outcomes for our clients. Many quant 
managers operate with too high of an exposure to traditional value factors such as 
price-to-sales or price-to-book – what Aswath Damodaran from Stern School of 
Business termed “lazy value investing”. This is often the result of misspecification 
of expected return models (what we refer to as our “alpha model”). Most investors 
understand that cheap stocks may be cheap for a reason. As an example, a 
company expected to grow at 5% will normally trade at lower multiple than one 
that is expected to grow at 20%. Surprisingly, many quantitative managers struggle 
to properly account for growth differentials. Good-quality growth forecasts are not 
readily available, and growth as a factor tends to have weak power historically. 
We devoted considerable thought and research to make our process core-like by 
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2012 0.26 0.50 0.12
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2014 0.02 0.65 0.40

2015 0.11 1.15 0.23

2016 1.17 0.00 0.88

2017 0.54 1.45 0.87

2018 0.53 -0.05 0.62

2019 -0.38 0.68 0.15

2020 -0.59 1.68 -0.14

2021 0.39 0.74 -0.11

2022 0.87 0.00 -0.08
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FULL PERIOD 0.55 0.66 0.39

LAST 10 YEARS 0.35 0.63 0.30
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constructing proxies to help predict value-trap situations and tilting our portfolios 
away from them. Doing so reduces overall value exposure in a quantitative process 
while retaining a healthy dose of valuation awareness and a tilt towards ”real” value 
opportunities. 

As an example, consider the performance of our Emerging Markets Large Cap 
strategy since its inception in June 2018 through end of 2023 in Figure 5. This 
period has seen major macro-events and associated market volatility, leading to 
inconsistent performance of common investment styles such as value growth, or 
quality individually. Yet our Emerging Markets Large Cap strategy outperformed the 
MSCI EM Index in four out of the five years (only losing by 2 bps in the one year) as 
well as since inception. Our core-style played a key role in this success.

FIGURE 5: MACKENZIE EM LARGE CAP VS. EVESTMENT GLOBAL EM 
LARGE CAP UNIVERSE & MSCI EM INDEX
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Since inception  2019 2020 2021 2022 2023 5 years 5.58 years

Rk Rk Rk Rk Rk Rk Rk

Mackenzie Emerging Markets Large Cap Gross 22.57 33 25.07 26 5.05 17 -20.11 59 17.21 19 8.56 9 4.54 12

Mackenzie Emerging Markets Large Cap - Net 21.60 35 24.13 23 4.26 20 -20.71 63 16.33 20 7.74 10 3.75 11

MSCI EM-ND 18.44 64 18.31 44 -2.54 67 -20.09 58 9.83 68 3.69 87 0.90 78

Source: eVestment, December 2023

Universe: eVestment Global Emerging Mkts Large Cap Equity (Percentile)

Results displayed in USD. Rk - performance vs. the eVestment Global Emerging Markets Large Cap Equity Universe (percentile).
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Contextualization
Contextualization is the process by which we ensure we are ranking stocks on 
metrics that are most relevant to the underlying characteristics of each. We find 
that firm characteristics do impact investment signal efficacy. For example, one can 
reasonably expect valuation measures to be less effective in fast growing businesses 
or expect price momentum to be more effective in stocks with relatively low liquidity. 
We systematically test and incorporate such ideas into our alpha model to further 
increase the predictive power of our forecasts of stock returns. Examples of contextual 
variables include liquidity, volatility, size and growth. 

Portfolio construction and implementation
We emphasize portfolio construction and implementation as much as investment 
signal research. We ensure that everyone on the team deeply understands our 
alpha model, portfolio construction rules and implementation process. The 
entire team discusses all aspects of the investment process at our daily morning 
meetings and regular portfolio positioning reviews. By having one team manage 
the full investment cycle, from alpha research to portfolio construction to real world 
implementation, we believe we are well positioned to recommend, evaluate and 
effectively implement improvements to the investment process.

Continuous portfolio construction research is crucial to our investment success. 
Decisions on sizing stock positions, constraining known risk factors, managing 
industry and country exposures, monitoring turnover and targeting levels of active 
risk all flow from our portfolio construction research. We focus heavily on the days 
of liquidity that a stock position should have, the transaction cost of each proposed 
trade and the costs to borrow a security in our short book. We test the sensitivity 
of portfolio performance to changes in key portfolio construction parameters. We 
incorporate expected transaction cost models into our process. We utilize custom 
risk models to monitor the risks attributable to proprietary investment signals 
that we deploy globally. All of these practices enable us to run realistic historical 
portfolio simulations using daily rebalancing that are aware of expected transaction 
costs, predicted risk levels, borrow costs, etc. 

Importantly, portfolio construction aligns our portfolios with the alpha model to best 
capture our investment insights in the live process, which is subject to real world 
constraints, like transaction costs, limited stock liquidity or controlling risk against 
a top-heavy benchmark like the S&P 500 Index. For example, it makes no sense 
to limit annual portfolio turnover to 100% if the alpha model consists entirely of 
technical signals that have natural turnover rate of 100% per month. Similarly, it 
makes no sense to have identical position sizing for two regions with vastly different 
alpha model efficacy, like Emerging Markets versus US Large Cap. As our team 
manages all aspects of the investment process, we are well positioned to focus on 
the relevant portfolio construction rules and to properly evaluate their impact on 
expected portfolio performance. 
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Implementation is critical to the success of an investment process. At its core, 
implementation entails taking the alpha model and portfolio construction rules 
and applying them live. Poor implementation can destroy any advantages afforded 
by best-in-class alpha and portfolio construction research. We appreciate the 
importance of air-tight implementation and have invested heavily in the infrastructure 
to support daily rebalancing of every portfolio, twice daily for global strategies, giving 
us an advantage over competitors who rebalance weekly or even monthly. Those 
choosing not to rebalance daily are usually constrained by either sub-par infrastructure 
or excessive assets under management which necessitates rebalancing groups of 
portfolios on different days. As Figure 6 demonstrates, significant excess returns 
accrue over the first several days following execution of our trades. Rebalancing 
weekly or monthly would miss out on much of this alpha opportunity. 

FIGURE 6: SHORT-TERM PERFORMANCE OF INVESTMENT TRADES
 

Source: Mackenzie Investments
Performance in bps vs. benchmark for 5/31/2018 - 12/31/2023. Represents all strategies managed by Mackenzie’s Global 
Quantitative Equity team. The information provided is for illustrative purposes only
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To further preserve alpha generation potential, we monitor and quantify our trading 
experiences with brokers. Any issues we identify are discussed with the offending 
broker and their trade flow is reduced. If execution slippage continues, we stop 
trading with that broker altogether. For example, based on such post-trade analysis, 
we stopped routing trades to Credit Suisse well before that firm failed.

Nimble approach
AUM:
For all our strategies, including our less liquid strategies such as small cap and 
emerging markets, we have committed to strict AUM capacity limits so we can 
stay nimble in our investments and decision-making process. We believe there is 
a direct correlation between excessive asset growth and alpha erosion, especially 
in less liquid markets. Excessive strategy assets in these markets can lead to the 
inability to establish optimal position weightings and can simultaneously adversely 
impact stock price. Strategies with excessive AUM can cause a manager to 1) invest 
in larger and larger percentages of a stock’s daily volume, 2) spread trades over 
more days to avoid impacting stock price, 3) realize worse transaction prices, 4) 
lower desired position sizes, 5) reallocate capital to less attractive investment 
opportunities, and 6) down-weight higher turnover signals. As an example, Figure 7 
below shows how our simulations provide an indicative impact of AUM growth on 
active return and information ratio. 

FIGURE 7: GROWTH OF AUM IMPACT ON RETURN AND IR
Simulated active return net of transaction 

costs versus AUM level, 2021-2023
Simulated information ratio  

versus AUM level, 2021-2023

Simulated active net return and simulated information ratio for global small cap equity strategy for period 12/31/2020 
through 12/31/2023.  Source:  Mackenzie Global Quantitative Equity team. For illustrative purposes only.

In keeping with our objective of delivering consistent alpha, we maintain strict 
capacity limits to ensure liquidity constraints do not adversely impact our investment 
process. For small cap equity strategies across all geographies globally, we have 
committed to a cap of $4 billion USD. 
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Team:
Although our investment staff will continue to grow commensurate with our asset 
growth, we not only prize a smaller team size, but also philosophically believe that 
larger teams can be counterproductive. Keeping our team nimble enables us to focus 
on the highest value-added projects and increases the efficiency of our decision-
making and ability to deploy new alpha signals or modify risk constraints quickly. 
We believe team cohesion and culture is vital to producing exceptional results. At 
our daily morning meetings, our entire team discusses all aspects of our investment 
process and makes all decisions in this setting. This ensures uniform understanding 
of our process which in turn improves productivity and job satisfaction. 

Quantitative strategies amongst investment managers are not homogeneous. 
Investment signal definitions vary widely. Philosophies on factor efficacy are 
extensively debated. The sophistication and efficacy of underlying models, portfolio 
construction and implementation span a broad spectrum. Successful quants 
ceaselessly research for new signals, better models, more informative data sets 
and more innovative applications of rapidly evolving technologies.

In summary, our “holistic” approach to quantitative investing incorporates each 
of the following attributes in an attempt to produce stronger and more consistent 
outcomes for our clients:

• Core style.
• Contextualization.
• Equal emphasis on factor/signal research, portfolio construction and 

implementation.
• AUM capacity limits in all strategies.
• Deliberately nimble team structure.
• Acute transaction cost awareness.
• Intuitive human oversight of all research and implementation processes.
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Conclusion
Quantitative approaches to public equity investing continue to introduce new 
sources of alpha and are now – in select areas – generating research insights in areas 
formerly reserved for qualitative fundamental analysis. Quantitative methodologies 
have been augmented very recently with expanded access to exponentially more 
powerful computing as well as the rapid evolution of tools such as machine-learning 
and natural language processing. These advances have enabled increased analysis 
of non-traditional data sets that have the potential to provide valuable investment 
insights and a competitive edge amongst active investors. We believe adopting a 
more “holistic” approach to quantitative investing can enhance the opportunity for 
more consistent alpha across a wider array of market environments. 
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MSCI Emerging Markets Index
The MSCI Emerging Markets Index is a free float adjusted, market capitalization weighted index that is designed to measure the 
large and mid cap equity market performance of emerging markets. It consists of 24 emerging market countries.

Issued by Mackenzie Investments Corporation (“Mackenzie Investments”). For institutional use only. This material is provided for 
marketing and informational purposes only and does not constitute investment advice or an offer of investment products or services 
(or an invitation to make such an offer). Certain information contained in this document is obtained from third parties. Mackenzie 
Investments believes such information to be accurate and reliable as at the date hereof, however, we cannot guarantee that it is 
accurate or complete or current at all times. The information provided is subject to change without notice and Mackenzie Investments 
cannot be held liable for any loss arising from any use of or reliance on the information contained in this document. No portion of 
this communication may be reproduced or distributed to anyone without the express permission of Mackenzie Investments. Past 
performance — and especially any simulated past performance contained herein — is not necessarily indicative of any future results.  
Composite performance does not necessarily reflect the performance that any particular account investing in the same or similar 
securities may have had during the period. The performance of other accounts is likely to differ from the performance shown for 
a variety of reasons, including, but not limited to: differences in market conditions, portfolio turnover and in the number, types, 
availability and diversity of securities that can be purchased; economies of scale, regulations and other factors applicable to the 
management of large separate accounts and funds; client-imposed investment restrictions; the timing of client investments and 
withdrawals; the deduction of taxes; tax considerations; and other factors. Information regarding portfolio characteristics relates 
to a representative account within the composite. Gross returns do not reflect the deduction of advisory fees. Net returns reflect 
the deduction of the highest investment advisory fee for the strategy. All returns are net of transaction costs but do not include 
the deduction of custody fees or other (non-advisory) costs, fees and expenses that may be incurred in managing an investment 
account. A portfolio’s return will be reduced by costs, fees and expenses and their impact can be material. Returns assume the 
reinvestment of dividends, interest, and realized and unrealized capital gains and losses. Index returns do not reflect transaction 
costs, or the deduction of other fees and expenses and it is not possible to invest directly in an index. Further details on transaction 
costs or estimated dividend withholding taxes is available upon request.  Simulated performance information is backtested and 
generated with the benefit of hindsight.  Hypothetical and backtested performance almost invariably shows better returns than actual 
performance.  Readers should: (i) recognize that any future performance will likely be inconsistent with, distinct from, and lower than 
that shown; and (ii) not base any investment decision solely upon this information.  Actual returns achieved will vary and could be 
materially lower than the returns reflected in this material.  37
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