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Macro is noisy

Macro data volume is expanding rapidly. Series are correlated, sometimes non-stationary,

in different units and the data needs to be cleaned as it updates
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Normalise the data

When running PCA and extracting signals, all data must be in the same units.

We normalise all the time series by de-trending & volatility adjusting by transforming data

into 'z-scores'. We do not use % returns.



• Collapse overlapping, 

correlated data and remove 

redundancy.

• Reduce to 3 uncorrelated 

(“orthogonal”) Principal 

Components (PCs).

• 3 PCs capture circa 90% of the 

variation/information of the  

entire macro data set.

• This is the core macro signal

over time.

Extract the signal



Relate asset price

and the macro signal

Core regression equation - Defines the  relationship between the 

asset price and macro signal (PC1, PC2 and PC3)

Asset_Price = ɑ+ β1t* [PC1]+ β2t * [PC2]+ β3t * [PC3]+ εt

For a regression to be valid, RHS variables need to be:

Uncorrelated & Stationary

Both conditions satisfied, R2 of the regression measures the 

“fit”: How well do macro factors explain the asset price 

variation?
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Interpretability: 

Sensitivity Analysis

Asset_Price= ɑ+ β1t* [PC1]+ β2t * [PC2]+ β3t * [PC3]+ εt

PC1 = λ1F1 + λ2F2 +…+ λnFn PC2 =

φ1F1 + φ2F2 +…+ φn Fn PC3 = Ω1F1 +

Ω2F2 +…+ ΩnFn

Sensitivity of Asset Price to F1, holding all other factors constant, 

is therefore:

Sensit_Asset_to_Factor_1 = β1 λ1 + β2 φ 1 + β3

Calculate this for all Factors, F
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Summary
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1.Data Cleaning & Normalization

2.Dimensionality reduction / PCA

3.Regression

4.Calculate sensitivity, valuation, 

model confidence (RSq)
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FAQs - Macro Factor Selection

How do you choose the macro factors?

We identified a broad set of systemically important, global factors. These cover economic fundamentals,

financial conditions and risk aversion. They all have daily or higher frequency. Qi was founded by

experienced former Macro PMs who curated this factor set. Feedback from some of the largest macro funds

in the world also helped to refine the factor set over time.

How do you obtain daily data for real GDP & inflation?

We bring in daily updated real GDP estimates for 20 countries via API from a company called Now-Casting.

We take in inflation expectations data from the inflation swap and other markets to obtain 2 year, 5 year and

10 year inflation expectations for major economies.

What are your data sources?

We source data from Now-Casting, Now-Casting, IHS Markit, Morningstar and others. A full factor glossary

with definitions and sources for each factor is available.

Do you ever change the factors?
We can change the factor set and create a new version of the models, should a new globally important factor

emerge.
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FAQs

Can I add my own factors?

Yes. You can create your own custom models, that only you can access, with our own model specifications and

your own data.

How do you measure Quantitative Tightening Easing / Expectations?

Since the Great Financial Crisis, the extent of Central Bank intervention in bond markets has been picked up

well by the level of implied interest rate volatility. We use 1 year into 5 year normalized swaption implied

volatility as a proxy for CB QT/QE activity.

How do you capture geopolitical influences?
It depends on the nature of the geopolitical event. Some are captured by risk aversion measures such as the

gold/silver ratio or VIX and other equity implied vols. If global investors are worried about an event, the gold/

silver ratio or VIX/EM VIX/ VDAX may pick that up. In some cases, such as Brexit, it may not be possible to

find a suitable measure. In such cases, the explanatory power of macro factors will be lower. For elections,

such as US elections, we can create custom models that include polling averages. Such models will shed light

on political factors as market drivers up to the election date. Having said this, Qi is primarily about

understanding the data of core macro factors on asset prices. It can only incorporate political factors in so far

as these can be measured.
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FAQs - Rich / Cheap Valuation

What is the best way to think about Qi’s rich/cheap valuation measure?

Think of this as a relative valuation measure. Given the current macro data set, and given the relationships over

the last year, what is the expected price of the asset? Is the actual price above or below the expected or model

price? The valuation measure quantifies this.

There are two ways that the valuation gap can close. Either the actual price can move to the expected/model

price, or the expected/model price can shift to the actual price if the macro information changes.

Is the Qi Valuation Gap (FVG) “predictive”?

Qi’s FVG has predictive signal – please see our FVG White Paper, and additional backtests for Equities, FX, and

Rates. These White Papers use a very simple, naive trading rule. Buy the asset if it is 1 std deviation or more

below the model value and RSq is above 65%. Sell the asset if it is 1 std deviation or more above the model

value and the RSq is above 65%. Exit the position if the RSq falls below 65% or the valuation gap goes to

zero.

The hit rate on these simple trading rules is high – 60-70% of all trades are profitable. This indicates there is

valid signal. However, the returns are only in single digits. This is because there are a small number of

trades that make very large losses. Upon inspection, we can see that these losses come mainly from

idiosyncratic event risks (e.g., Russia-Ukraine conflict and Brexit vote).

Therefore, the best way to monetize the Qi signal is to apply a discretionary risk management

overlay to eliminate the small number of very large losers.

https://quant-insight.com/insight/backtests-summary-of-fvg/t/


FAQs

What filters can I use to monetize the valuation signals?

1) RSq > 65%. Look for signals where there is a higher RSq as this means that macro factors are doing a good job in

explaining the asset price variation

2) Check for idiosyncratic risk

3) Check that model momentum is supportive (i.e. look for a “cheap” asset when the model value is starting to rise

rather then when it is falling). An example of model and actual value for the SPX in 2020 is shown below.

FAQs Note the divergence in mid March 2020.
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FAQs - Modelling

How long is your lookback window for the regression?

We provide a Short Term model (83 days lookback) and a Long Term model (250 day lookback). The signal to

noise ratio is higher for the Long Term model, which exhibits greater stability and is less subject to picking up

spurious associations. However, we added the Short Term model as a further insight into short term dynamics and

for use when the Long Term model has very low RSq.

What time frame do you use to calculate your Z Scores?

We use 200 days to calculate Z scores.

How many Principal Components do you use and why?

We use the first 3 Principal Components of the (normalized) macro factor data set. We use 3 because we find

these first 3 components capture 85-95% of the variation of the entire macro data set. In other words, the macro

data set has 3 main “dimensions of variation”. Another way of saying this is that the macro data revolves mainly

around 3 axes of variation. We also wanted to remain consistent and transparent throughout the process and

across models. One could use more PCs, but this again runs the risk of overfitting.
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FAQs

Have you looked at using Weighted Least Squares with exponential decay instead of OLS?

We found various weighting/smoothing approaches do not improve results and reduce transparency. With a linear

approach it is easier to know exactly what is happening with sensitivities and drivers, providing easier intuition and

clarity.

Have you looked at using Independent Component Analysis (ICA)?

Yes. However, macro factors cannot be assumed to be independent and therefore we did not pursue this approach.

Did you consider using Partial Least Squares (PLS)?

Yes. However, this leads to serious overfitting. RSq tends to be very high even using one component, but this is

subject to severe overfitting, so we did not use this.

How do you interpret the Principal Components?

As shown on slides 6 & 7, we do not need to interpret the PCs in order to derive the sensitivity of an asset to a macro

factor. We know that each factor impacts the asset in 3 uncorrelated ways (as captured by PC1, PC2 & PC3). Using

sensitivity analysis, we can calculate the impact on the asset from a one standard deviation increase in a macro

factor, holding all other factors constant. We calculate the sensitivity to each factor to strip out the independent effect

of each factor on the asset.



FAQs

But factors are not uncorrelated in real life. Are you assuming they are uncorrelated?

Macro factors are indeed often correlated. What we are doing is calculating the independent ”betas”

(sensitivities) of the asset to each factor. These sensitivities are building blocks. Qi breaks down the asset

variation into independent pieces. You can then use these sensitivities together to run scenario analysis.

Qi breaks down the asset price variation and attributes it into its independent macro pieces. This reveals

the macro “anatomy” of an asset. We are not saying that factors are not correlated in the real world, but we

are revealing the independent effect of each factor on the asset price.

What is the intuition behind Principal Component Analysis?

PCA reduces large correlated data sets

into uncorrelated “components”.

The intuition is tricky, as the image suggests!

Probably the easiest way to think about this

is in the image. Take a scatter of data. In this

2D example, the data has 2 directions of

variation. Each point can be summarized by

a direction and the length of a vector.

We can suggest further reading if interested.
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If you are only using 3 Principal Components,

won’t your regression results be statistically biased?

If you have 20 factors, but you use 3 PCs, you are losing

some information. As noted previously, 3 PCs might

capture 90% of the variation of the entire macro data

set. That means you are losing 10%. As a standard

result, this would mean that the Qi PCR regression co-

efficients will be “biased”.

“Unbiased” means that a beta estimate on average is

correct, even though it can be very noisy. Since the

PCR solution differs from this, it will be biased,

meaning that it will be incorrect on average. However,

it is substantially less noisy, leading to overall more

accurate predictions.

This is a classic example of the bias-variance

tradeoff (see image).

But this also assumes the original 20 variable model

specification of the asset is correct in the first place.

However, even this model is approximate, so the Gauss-

Markov theorem about OLS being unbiased may not

hold. Consequently, one cannot make with any

confidence the related statement that the PCR solution is

biased.

FAQs
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FAQs

Does Qi use “machine learning”?

The overall method Qi uses is called “Principal Component Regression”. This involves 3 steps:

Step 1: Normalise and reduce the macro data into uncorrelated Principal Components

Step 2: Run a regression between the target variable (asset price) and the PCs to see if the macro signal explains the

asset price variation over the last 250 days (for Long term model)

Step 3: Run this every day, so that the system adapts daily to new information and picks up changing patterns.

Generally, this process falls under the “machine learning” definition. Qi’s machine learning expertise covers:

• Data compression

• Data normalization

• Variance reduction / stabilization

• Addresses multicollinearity

• Regularization of solution

• Shrinkage estimator
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FAQs - Comparison

Why not just use correlation?

If you want to understand/measure the relationship between an asset (e.g. S&P500 index) and a macro

factor (e.g. US inflation expectations), and you have daily data for both, a correlation over some period is

often used (e.g. 100 days).

The problem with this is that S&P might be even more correlated to something else. Two variable correlation

is taking a 2 dimensional slice from a 20 dimensional relationship. As a result, you may see a high

correlation, but that variable may not actually be significant in explaining the asset price. E.g. SPX has 70%

correlation to US inflation, but 90% correlation to another factor (e.g. credit spreads).

Does US inflation really matter then? And if so, to what extent? If you look at the correlation to all 20 or so

factors, you will find everything is correlated to some degree. Qi takes a holistic approach and models the

asset as a function of all the relevant factors. This then allows attribution across the various factors and

quantifies relative importance.
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Why not model an asset using multiple regression?

Macro factors are often highly correlated. If you try and estimate the “betas” to macro factors for S&P500, for

example, your bet estimates will be biased because the factors (or explanatory variables) on the right hand

side of the regression suffer from multicollinearity. To take an extreme example, let’s say you have both Brent

Crude and WTI crude on the right hand side. As these are almost identical, your regression betas for both will

be highly biased and inaccurate. Qi strips out the correlations and removes the overlapping redundancies in

the data. Another way of saying this is that the Qi approach “orthogonalizes” all the factors.

In the equity style factor analytics offered by various firms, multiple regression is used because the

assumption is made that these style factors are all independent sources of return (e.g., value, growth, quality

and so on). This assumption cannot be made for macro factors which are not independent sources of return

but correlated and overlapping.

FAQs - Comparison
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FAQs

Are you using returns to normalize the data?

In order to bring together different factors and assets into the modelling process, all the data needs to be

converted to the same units/basis. In many financial time series analysis cases the way this is done is to

convert all the data to % changes/returns. That is, to convert everything to some rolling % change (e.g. 3mo

or 12mo changes). That would mean converting an asset price (such as SPX) to a 12 month rolling returns

and convert all the factors such as inflation and real GDP growth to a 12 month % return as well.

The major ssue with doing this with many macro factors is that this type of normalisation to % changes

makes the data highly unstable. This is in turn because real GDP and inflation can have zero or close to zero

values, and negative values. In 2020, we saw US real GDP move from -20% annualized in Q2 to +20%

annualized in Q3. Inflation can go from 0.01% to 1.00% over 12 months. Using % changes in these examples

does not work. The Qi approach is to normalize all the data into Z Scores. The Z Scores are created by taking

standard deviations from trend. The Z Scores are also stationary, which is an advantage.



What does a high Qi RSquared mean?

If you see a high RSq statistic for a model, that means that the “fit” between macro factors and the asset price 

is good.

FAQs - Spurious Correlation
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FAQs

How do you know if a high RSq is not just coincidental or spurious?

At a technical level, persistent and anomalously high RSq can be produced by nonstationarity of the time

series that enter the regression equation. Based on testing, the residuals produced by Qi’s regressions do

not display non- stationarity (results of a unit root test on Qi regression residuals is available on request).

Qi residuals are autocorrelated and stationary.

Note also that RSq is a statistic. It has a distribution like any other random variable. If one were to use

fictional/ false but stationary data as inputs to the regression, and if one did this enough times with all sorts

of false/ fictional data, it is quite possible that a high RSq might be obtained. Indeed, the historical RSq

would look like a random variable. In other words, it is possible to obtain high RSq by pure chance.

However, Qi’s RSq does not look like one is sampling from a random distribution. Qi historical RSq is

sticky and persistent for long periods of time. It is this signature that indicates the RSq is not spurious

and indicates the identification of real signal.

More detail is available on this topic. Technical references:

Cramer, J. S., 1987. Mean and variance of R2 in small and moderate

samples. Journal of Econometrics, 35, 253-266.

Carrodus, M. L. and D. E. A. Giles, 1992. The exact distribution of R2

when the regression disturbances are autocorrelated. Economics

Letters, 38, 375-380.
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FAQs

Are your time series stationary?

Ordinary Least Squares regression requires the variables to be stationary in order to be valid. If you perform

regression on time series that are not stationary, then that regression can lead to spurious correlation.

A cointegration test has to be run on the Qi regression residuals to check that despite the residuals being correlated,

they are stationary. The regression residuals passed the unit root test, which provides evidence that the series used

are cointegrated, and the stationarity of the residuals means you can statistically interpret the RSq in the usual way.

Excerpt from a client analysis:

So I ran a unit root test on the residuals of each of the 18 financial assets. In particular, both the Augmented Dickey –

Fuller (ADF) test and the Phillips – Perron tests suggest that the residuals do not exhibit a unit root. Additionally, I

estimated a simple AR(1) model for each of the residual series had an autoregressive co- efficient of at least 0.8,

suggesting a very high degree of serial correlation. However, this serial correlation is not necessarily a problem – and,

in fact, arises in most cointegration models.

Further information available on request.
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FAQs

If you keep adding more factors, won’t you just be overfitting and picking up

spurious correlations?

If you add lots of extra factors, without a clear basis for doing so, then that increases the chance that the core

regression equation will be picking up spurious associations, via the 3 Principal Components, in the core

regression on slide 6. This increases the risk of “overfitting”.

To avoid this risk, we do three things:

a)Add factors only where there is a clear priori and market-based reason to do so. We never add variables

purely in order to improve “fit”. As mentioned, we stick to clearly important factors.

b) We take certain measure to restrict the degrees of freedom on the right-hand side of the core

regression equation. This significantly reduces the risk of “overfitting”. Please ask us for more details on

this.

b) Use a longer time window: Over a short period of time, such as a few weeks or months, there may be a

significant chance of purely co-incidental relationship being observed between an asset and a factor. Over a short

period of time, two variables may exhibit co-movement with no real relationship. Extending the time window to 12

months removes these co-incidental associations. In a market context, it is very unlikely that an asset and a factor

will show a strong and significant relationship on a daily basis for a full 12 months. This is one reason we

recommend using the Qi Long Term model with a 12-month lookback window.
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Why has nobody else done this?

We are not sure of the answer to this. What we do know is that a rigorous macro factor solution requires a

combination of scientific expertise and practical market and macro experience, as well as cutting edge

technology. The Qi team has brought these ingredients together effectively in order to solve a major

investing challenge.

If Qi is so powerful why not keep it secret and use it to run your own fund?

We prefer to make Qi available to the broad investing world for a number of reasons. One of these is that

providing signal is not the same as monetizing signal. The latter is a more complex and expensive process.

Furthermore, Qi’s macro risk product can be used by all investors globally. We are also excited by the

business of applying science and technology to global investing.

How are you different to MSCI Barra and Axioma?

Both these focus on equity style factors. As we understand it, they provide stock and portfolio analysis of

style factor exposure. They treat style factors such as growth, value, momentum, yield, and quality as

independent sources of return. They then use multiple regression to break down asset/stock returns into

these factors.

We understand that they work in return space, while Qi does not. Furthermore, even though they

apparently do have some macro type factors available, they do not deal with the fact that macro factors

are correlated (do not orthogonalize).

FAQs - Further Questions
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I have a long term (3-5 year) investment horizon. Can Qi help?

Yes. For macro risk, long term investors can look at long term average macro sensitivities (e.g. over the last 

2 years) to add the long term macro portfolio tilts they want and to understand the long term macro features

of their portfolio.

FAQs - Further Questions



Video Interviews

Prof. Ryan Prescott-Adam

of Princeton University
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The Future of Factor Investing Along for the ride –

The Correlation Effect
Quantifying uncertainty 

in financial markets

Retrieving signal 

from noise
Do you know your

macro risk?

https://vimeo.com/483297027/f4bdf193be
https://vimeo.com/482651103
https://vimeo.com/482650603
https://vimeo.com/482650944
https://vimeo.com/482651276
https://vimeo.com/482651276
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Disclaimer

This document is being sent only to investment

professionals (as that term is defined in article 19(5) of

the Financial Services and Markets Act 2000 (Financial

Promotion) OrdeRSq005 (“FPO”)) or to persons to

whom it would otherwise be lawful to distribute it.

Accordingly, persons who do not have professional

experience in matters relating to investments should not

rely on this document. The information contained herein

is for general guidance and information only, and is

subject to amendment or correction. This document is

not directed to, or intended for distribution to or use by,

any person or entity who is a citizen or resident of or

located in any locality, state, country or other

jurisdiction where such distribution, publication,

availability or use would be contrary to law or regulation.

This document is provided for information purposes only,

is intended for your use only, and does not constitute an

invitation or offer to subscribe for or purchase any

securities, any product or any service and neither this

document nor anything contained herein shall form the

basis of any contract or commitment whatsoever. This

document does not constitute any recommendation

regarding any securities, futures, derivatives or other

investment products. The information contained herein

is provided for informational and discussion purposes

only and is not, and may not be relied on in any manner

as accounting, legal, tax, investment, regulatory or other

advice.

Information and opinions presented in this document

have been obtained or derived from sources believed to

be reliable, but Quant Insight Limited (QI) makes no

representation as to their accuracy or completeness or

reliability and expressly disclaims any liability, including

incidental or consequential damages arising from errors

in this publication. No reliance may be placed for any

purpose on the information and opinions contained in

this document. No representation, warranty or

undertaking, express or implied, is given as to the

accuracy or completeness of the information or

opinions contained in this document by any of QI, its

employees or affiliates and no liability is accepted by

such persons for the accuracy or completeness of any

such information or opinions. Any data provided in this

document indicating past performance is not a reliable

indicator of future returns/performance. Nothing

contained herein shall be relied upon as a promise or

representation whether as to past or future

performance.

This presentation is strictly confidential and may not be

reproduced or redistributed in whole or in part nor may

its contents be disclosed to any other person under any

circumstances without the express permission of Quant

Insight Limited.


