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Worldwide macroeconomic data suffer from three fundamental prob-
lems - high dimensionality, a staggered release schedule, and poor data
quality. Nowcasts are a popular set of tools that address the first two
problems, and the advent of alternative or Big Data offers a chance to
address the poor data quality. In this chapter, I provide an overview
of nowcasting techniques, discuss the need for an ex-ante hypothe-
sis to guide alternative data selection, and compare typical alterna-
tive datasets to traditional data on several quality dimensions such
as timeliness and granularity. Finally, I present a case study that
establishes that search data can statistically and economically signifi-
cantly improve US government employment data along the timeliness
and accuracy dimensions - a novel result. The case study nowcasts
revisions to Non-Farm Payrolls (NFP) three months in advance of
the government data, proves these revisions are news and not noise
in the framework of Mankiw et al. (1984), controls for Wall Street
analyst predictions, and finds that machine learning techniques such
as random forest and elastic net provide a substantial improvement
over traditional linear regression methods.

1.1.1 The Fundamental Problems of Macro Data

Imagine having the difficult job of a Fed chair in April 2020: COVID-19 is spread-
ing worldwide and we are not yet sure of the economic impact of the disease on the
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2SUBCHAPTER 1.1. ALTERNATIVE DATAANDML FORMACRONOWCASTING

Figure 1.1.1: News headlines illustrate the confusion of real-time noisy economic
data.Used with permission of Bloomberg Finance L.P. Source: Bloomberg L.P.,
June 14, 2020. and Yahoo finance, June 5 2020.

United States. We wait for the employment situation report (Non-Farm Payrolls
or NFP), an important and trusted indicator for the month of March 2020 that
will be released on April the 3rd. The March number of -701,000 suggests a large
magnitude of job losses which is a big change from the +273,000 jobs gained in
February. As if that were not bad enough, the data reported for the March 2020
employment situation worsens over time. The May employment report released
in the first week of June reveals that the labor market was worse than expected:
the actual jobs lost in March were -1,373,000 - considerably higher than the first
estimate of -701,000. A similar issue plagues the unemployment rate that declined
from 14.5% to 13.3% in the month of May, but after adjusting for data errors ap-
pears to have been 16.4% - an increase. Fulfilling the dual mandate of “stable
prices and maximum sustainable employment” would be easier with better data.1

This thought experiment gives us a sense of the fundamental problems with
measuring and managing such an enormously complex mechanism as the economic
activity of a country. The data collected to support this difficult task are imper-
fect: they are many, staggered, slow, incomplete, subject to methodological change,
and noisy (hence frequently revised),2 coarse, and maybe potentially biased.3 4 We
can organize these problems into are three broad categories:

1Orphanides (2001) and Orphanides and Williams (2007) cover the issues of data revisions
and their applications to central banking. Orphanides documents how the Fed overreacted to
bad measures of inflation in the 1970s, causing the monetary policy to be too easy.

2Kliesen (2014) notes some of these fundamental problems as does Jain (2019). Croushore
(2011a) provides an overview for how impactful data revisions are especially when it comes to
forecasting, policy-making, business cycle turning point predictions, and other macro research.
It seems that the list should include asset allocation as a practical matter.

3Philadelphia Fed’s “Real-Time Data Research” is a valuable resource to get the appropriate
data to better test any forecasting methodology after accounting for revisions.

4For example, Aruoba (2008) documents predictable biases in US data.
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Figure 1.1.2: An alternative or Big data based nowcast can be quite useful in
making real-time decisions. The thick red line with embedded triangles shows
a satellite and social data based nowcast for India that is at least one month
ahead of the typical government data releases and captures the big economic
recovery in July 2021 ahead of the various government data (dotted lines) and a
traditional nowcast (yellow line) of those government data. Nowcasts and data
source MacroXStudio.

1. The Big Data or high dimensionality problem where the number of features
(p) is significantly greater than the number of observations (T ), also written
in mathematical shorthand as p ≫ T . Thousands of statistical variables
get measured, not all of which are relevant for our purposes. For example,
FRED a database maintained by the St. Louis Fed has more than 786,000
series and the highest number of variables utilized for a nowcast is around
500.

2. Economic data releases are measured at various frequencies - some such as
real GDP may be quarterly and some such as Initial Jobless Claims may be
weekly. The data are also released at different times, with various lags and
revisions. This is known as the staggered or “jagged edge” problem.

3. The poor data quality problem which includes lagged availability - typi-
cally ranging from 1 to 3 months, imprecise measurements and sampling
issues, a lack of detail, biases, and substantial revisions. As recent tech-
nological progress has reduced the measurement cost for some of the data
and generated entirely new types of data not available before (Jain (2019);
Krishnamachari (2017), one hopes that alternative data can contribute to
reducing the impact of this problem.

In the following sub-section, we will discuss how the first two problems are
addressed in the macro nowcasting context. Typically, the high dimensional-
ity problem is tackled by dimension reduction methods and the “jagged edge”
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Figure 1.1.3: NFP revisions = Final number (released up to three months later)
- the Initial number, cluster and appear at least “locally biased” in the fashion
Croushore (2011a) postulates - with better data, expansions get revised upwards
and downturns downward. Also, we can see from the figure that the biggest
revisions tend to happen when the business cycle shifts which is exactly when
accurate information is the most valuable to market participants per Jain (2019).
Data Source: FRED and Haver Analytics.

Table 1.1.1: Data revision for some major US economic releases.* indicates signif-
icant difference in “good” (data release > series average) and “bad” (data release
< series average) economic times via 1000 bootstrapped confidence intervals. The
computations exclude COVID-19 affected periods which would increase the revi-
sion magnitudes substantially, to focus on the long-term mean and patterns. Data
source Bloomberg and calculations author’s.

Data Mean SD %Revision
in
“good”
times

%Revision
in “bad”
times

SD in
“good”
times

SD in
“bad”
times

US GDP growth
(QoQ)

2.2% 2.4% 26% 80%∗ 1.35% 2.13%∗

US NFP change
(mom)

96.4 212.1 26% 46%∗ 77.5 214.6∗

US Retail sales
(mom)

0.33% 0.42% 47% 136%∗ 0.25% 0.26%∗
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Figure 1.1.4: Search data seem faster than the government data. Data source
Google and FRED.

problem by ingenious data release calendar construction and Kalman Filtering
methods.

1.1.2 High Dimensionality problem

A high-dimensional(p ≫ T ) problem is where the number of potential explanatory
variables p far exceeds T the total data points available. This problem has been
exacerbated in the last two decades as technology has provided means to collect
an almost unlimited number of features which increases p. However, the number
of observations T stays limited due to cost concerns or the inherent nature of the
problem - for example, one cannot typically generate more economic recessions.
Even for the simplest linear (OLS) case 5 when p is less than T (or N) but
increasing, the expected prediction error or EPE that scales linearly with the p/T
ratio can become a serious issue.6 The two major concerns in the high-dimensional
set-up are overfitting and high variance of the resulting model.

To reduce variance, typically “simple, highly regularized approaches often be-
come the method of choice” (Ch 18, Hastie et al. (2009)). We hope that con-
straining the estimated coefficients reduces the variance substantially while only
minimally increasing the bias. There are many methods to do so which may be
categorized into:

• Parameter reduction. Unimportant dependencies are assumed away to re-
duce the number of parameters to be estimated. For example, diagnolizing
the with-in-class covariance matrix.

5The simple OLS model being unbiased is a strong assumption. For instance, a regime-
switching model such as one implemented by Diebold (2000) can better model business cycle
dynamics vs. the OLS.

6Friedman et al. (2001) section 2.5 has a good overview including the “Curse of Dimension-
ality” and the bigger VCV matrix estimation.
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• Regularization. Penalty terms are added to the error minimization objec-
tive function formulation. This penalty can either eliminate features, reduce
their coefficient estimates or provide a combination of elimination and re-
duction. For example, with either a L1 Lasso regressions penalty “selects”
variables by making many coefficients exactly 0, and an L2 Ridge regression
penalty tends to smoothly “shrink” the coefficients of the correlated vari-
ables towards each other and 0. Elastic net models are a weighted average
of lasso and ridge.

• Dimensional reduction. Variables are projected on a smaller dimensional
subspace. For example, Principal Components Regression reduces the di-
mensionality of features via PCA and then regresses the principal compo-
nents on the Y variable, Partial Least Squares reduces the dimension of Xp

along the direction with a high correlation to Y , and Supervised Principal
Components performs dimension reduction only of variables highly corre-
lated with Y or the outcome of interest, and then regresses.

While variance reduction methods, carefully and methodically applied, can
mitigate the increased variance from the p ≫ T problem, they cannot solve it.
As the number of features increases exponentially the performance of almost all
variance reduction techniques declines. To illustrate the point, James et al. (2013)
(chapter 6) perform lasso on a data set with number of observations, n = 100,
and choose number of features or p = 20, 50, and 1000. They find that while high
regularization can help in the p = 50 case, for the p = 1000 case the results are
poor across all values of the regularization penalty or λ. Even in PCA (which is
conceptually similar to a Ridge regression in that it shrinks all standardized co-
efficients towards 0), the presence of many idiosyncratic components can produce
poor results. Additionally, the assessment of the significance of features or the
“multiple-testing problem” becomes even more challenging in the p ≫ T context.7
8 In the case of macroeconomic research, the small (about 195) cross-section of
countries as well as the limited time series of accurately recorded business cycles
or other economic phenomena of interest can be serious limitations.

Complementing machine learning methods with domain expertise and frame-
works can produce better results than pure machine learning. Hastie et al. (2009)
suggest the “use of scientific contextual knowledge” to figure out the most ap-
propriate forms of regularization. The macro literature with a long tradition of
analyzing economic fluctuations 9 has provided us with a rich set of methods that
combine domain and statistical expertise.

7Friedman et al. (2001) (chapter 18) discuss the family-wise error rate computation - which
includes well-known the Bonferroni correction (that divides α by M the number of multiple
trials). For p ≫ T cases they recommend computing the false discovery rate instead of the
Bonferroni correction that tends to be “too conservative” or finds too few variables significant.

8The time series context where the flow of time is meaningful and one cannot arbitrarily mix
past and future values can increase the complexity.

9Burns and Mitchell modeled co-movements in economic data and aggregates in the 1930s and
40s and identifying recessions and expansions (Burns and Mitchell (1946)), Sargent and Sims’s
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1.1.3 Nowcasting the Big and Jagged Data

Nowcasting or “forecasting the present” is a term borrowed from meteorology
relating to forecasting the current and near-future weather (Bok et al. (2017)).
Let us first define it precisely in the macro context and then elaborate and expand
upon the definition to achieve a deeper understanding:

An economic nowcast is a current, model-based and replicable, continuously
updated, time granular, information rich summary that approximates a key con-
cept like growth.

An economic nowcast is current - as its main purpose is to incorporate the
latest information, model-based and replicable - since is no human judgement is
used when the model is functioning, continuously updated - for it is typically
updated at daily and weekly frequencies, time granular - changes in GDP are
measured every day or week rather than every quarter, information rich - we can
see the specific marginal impacts of various data releases, summary - there is one
number representing the many economic data, typically via statistical techniques
traditionally belonging to the family of dynamic factor models(DFMs), and finally
an approximation since even the best measurement of the complex and dynamic
economic machine is partial. As table 1.1.3.1 shows DFMs are indeed at the heart
of many of the traditional nowcasting applications. Stock and Watson (2016)
outline five main reasons for why DFMs have been so popular - the observation
of a few latent factors summarizing many data seems to hold empirically, this
factor structure is theoretically appealing, can accommodate lots of data, enables
real-time monitoring, and they (DFMs) can span a wide variety of macro shocks.
The dynamic factor model structure can also handle the “jagged edge” as well as
dimension reduction in a coherent state space framework to which a Kalman filter
can be applied. More recently, non-linear machine learning techniques ranging
from random forest to deep learning have also been used effectively for nowcasting.

To move from many noisy variables to the few signals, one combines appro-
priate variable selection via domain expertise and dimension reduction methods
discussed previously. The NY Fed selects 37 variables (table 1.1.3.1) which are
“widely followed by market participants” and the Chicago Fed selected 85 indica-
tors based on an academic article by professors James Stock and Mark Watson.
The Chicago Fed’s original monthly CFNAI Index Fed (2020) listed in table
1.1.3.1 is also a good example of the transformation to summarize by using prin-
cipal components analysis (PCA). The basic decomposition is expressed simply
as:

X = ΓF + ϵ (1.1.1)

Here X = NxT 10 stacked matrix of Nx1 standardized (stationary, mean 0,

modeled common shocks via dynamic factor structure in the 1970s (Sargent and Sims (1977)),
and Stock and Watson (1989) used hundreds of variables. Bok et al. (2017) and Diebold (2000)
are a good reference for an overview.

10We are switching notations a bit from p features to N to be consistent with the literature.
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Figure 1.1.5: Correlation of some important economic series with the latent factor.
Similar to Stock and Watson (2016) methodology, the specific economic series
being correlated has not been used in making the latent factor to avoid spurious
correlation. Data source FRED and calculation author’s.

and variance 1) data vectors xt, and Γ is an NxR time invariant matrix loading on
a “few” (R << N) factors F (RxT ) and ϵ is typically modeled as homoskedastic
mean 0 random variables with variance covariance matrix σ2I. In the CFNAI
application, N = 85 and R = 1 and the estimation method follows an eigen
vector decomposition of the sample variance covariance matrix XTX

N and using
only the first principal component (the one associated with the largest eigen value,
indicating that it explains the most variance) to generate the weights w that can
subsequently be multiplied with the economic data generated at time t, xt to
provide a “less noisy summary” or economic activity index Tt = wxt.

This index “closely tracks periods of economic expansion and contraction,
as well periods of increasing and decreasing inflationary pressure”, thus revealing
regime switching dynamics via the common factor patterns in the data that might
be hidden if we examined only the individual observations since each data series
has its own idiosyncratic noise. Though the CFNAI was originally designed to
track inflation per Stock and Watson (1999), it has had more success in aligning
with U.S. expansions and recessions as Brave et al. (2019) note.

The Kalman filter that recursively generates new predictions by updating the
factor estimate using the projections of the current data innovations can systemat-
ically accommodate all the variables into one coherent state-space framework. As
an example, consider the static factor F that was invariant in 1.1.1 has been made
dynamic into ft and given its own transition dynamics represented by the matrix
A. Once again X = N x T stacked matrix of measured Nx1 data release vectors
xt. This is a typical “state space” representation with ft as the latent or unob-
served factor. A can be as simple as an AR(1) process, but 3 lags are more typical.
A benefit of this dynamic structure is that it utilizes the time-series variation in
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Figure 1.1.6: Latent factor for US employment as the first principal component
(scaled) of more than 35 economic series. The less noisy principal component
appears better at signaling economic cycle shifts. Data from Haver analytics.

Figure 1.1.7: Latent factor for US manufacturing and production as the first
principal component (scaled) of 25 economic series. Data from Haver analytics.
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Figure 1.1.8: Comparing the US economic activity indices (typically mean 0) and
GDP nowcasts through the recent past. Data sources in the final row of 1.1.3.1.

addition to the cross-sectional variation handled by the principal components.

xt = Γft + ϵt (1.1.2)

ft = Aft−1 + νt (1.1.3)

The literature (Bok et al. (2017)) also generally assumes V ar(νt) =1 and
V ar(ϵt) = H and NxN diagonal matrix or each ϵt can be decomposed into an
AR(1) process an with idiosyncratic component and uncorrelated white noise. The
parameters can be estimated using the Kalman smoother and EM algorithm. In
the first step, the algorithm is initialized using sample PCA to estimate the factor
ft and then OLS to derive the initial parameters. The second step consists of using
the Kalman smoother that uses the entire prior sample to generate an updated
estimate of the common parameter. MLE estimators that can accommodate the
uncertainty of estimated factors and arbitrary missing data can also be handled.

1.1.3.1 Using the real GDP to reduce noise.

To achieve the goal of noise reduction, there are opportunities for the creative uses
of many statistical learning techniques such as partial least squares, supervised
principal components (dimensionality reduction), elastic net (variable selection
and shrinkage) as well as unsupervised learning. A recent example is Brave et al.
(2019) who utilize “Collapsed Dynamic Factor Analysis” pioneered by Bräuning
and Koopman (2014) that simultaneously models the target variable (real GDP
in this case), the principal components, and the unobserved dynamic factors. The
idea behind Bräuning and Koopman (2014) is that only the variables relevant to
predicting or nowcasting the GDP should be selected instead of estimating the
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dynamics of the large number of other macro variables xt. In the first step, they
carry out a principal component analysis of xt to lower the number of parameters
maximum likelihood has to estimate. In the second step, they reduce the noise
related to the principal components being estimates by jointly modeling the prin-
cipal components with the target variable yt in the smaller parameter space.11

For this example, we chose yt to be the real GDP. However, we can also use other
series related to growth or inflation. Another use for this methodology could be
to improve the poorly measured growth estimate of country A if we have access to
another country B’s better-measured growth estimate that happens to be highly
correlated to country A’s.

11Brave et al. (2019) use this technique to estimate the common components as well as generate
a monthly nowcast of the real GDP. They write yt as the hidden or latent real GDP growth that
along with xt depends on two common factors µt and ft as well as a long term trend α and noise
η.

yt =
[
1 1

] [µt

ft

]
+ αt + ηt (1.1.4)

xt =
[
1 1

] [µt

ft

]
+ ϵt (1.1.5)

Following Bräuning and Koopman (2014) Brave et al. (2019) collapse the panel of 500 monthly
time series by pre-multiplying by the factors obtained from PCA of xt.[

l′

Γ̂′

]
xt =

[
l′ Γ̂′] [1 Γ

] [µt

ft

]
+

[
l′

Γ̂′

]
ϵt (1.1.6)

They set l′1 = 1 , d Γ̂′1 = 0, Γ̂′Γ = 1, and let l′Γ = γ - a scalar and obtain the collapsed
measurement equation describing the dynamics of x̄t and f̂t. After this they add the real GDP
as an instrument that will correct for the bias in the estimation of the principal components
that can arise from weak factors. Equation 1.1.7 emphasizes treating the principal components
explicitly as an errors-in-variables problem - note that f̂t on the left indicates estimated ft. Thus
the overall measurement equation can be written as:

ytx̄t

f̂t

 =

1 1 1 1
1 γ 0 0
0 1 0 0



µt

ft
αt

ηt

+

0
ϵ̄t
ϵ̂t

 (1.1.7)

And the factor dynamics are represented as:
µt

ft
αt

ηt

 =


ρ 0 0 0
0 ϕ 0 0
0 0 1 0
0 0 0 0



µt−1

ft−1

αt−1

ηt−1

+


νt
ξt
νt
ηt

 (1.1.8)

Other standard assumptions such as diagonal covariance matrices and the common factors
having stationary dynamics are also made. Finally, they perform “triangle averaging” of the
various monthly GDP estimates to match the quarterly real GDP. Brave et al. (2019) report
that for understanding the business cycle, the two components µt and ft interpreted as the
leading and coincident/slightly lagging indicators respectively, are quite useful. The coincident
factor ft is the most predictive, but the trend (αt) and the irregular component (ηt) are not
relevant.

Electronic copy available at: https://ssrn.com/abstract=4258444



12SUBCHAPTER 1.1. ALTERNATIVE DATAANDML FORMACRONOWCASTING

Table 1.1.2: Some Traditional Nowcasts.

Field NY Fed *Sus-
pended since Sep
2021

Atlanta Fed Chicago Fed Philadelphia
Fed

“Y” or Now-

cast Variable

Current Q and
Previous Q Real
GDP growth rate.

Current Q and
Previous Q Real
GDP growth rate
.

Overall Economic
Activity and Infla-
tionary Pressure
with a 0 value
indicating trend
growth. Also
estimates monthly
GDP growth.

Real Business
Conditions with a
0 value indicating
average business
conditions.

Update fre-
quency

Weekly. Ev-
ery Friday at 11:15
a.m.

6-7 times a
month corre-
sponding to major
economic releases.

Monthly with
one month lag.

Daily in real
time.

“X” or Data
Used

37 monthly
and quarterly
time series
“that move the
market and make
front page news”
grouped into the
following cate-
gories: Housing
and construction,
Manufacturing,
Labor, Income,
Retail and
consumption,
Income, Surveys,
International
Trade, and Other
(parameter and
data revisions.
Local blocks are
used to control
for idiosyncrasies
in sub-groups of
these variables.

124 monthly
time series
from 26 data
releases are used
to generate a
single common
latent factor
that summarizes
economic activity.
Some series like
consumer confi-
dence are used
only to generate
the common
factor but not to
predict the GDP.
GDP is further
subdivided into
13 real quantity
components like
the BEA and the
various monthly
series corre-
sponding to the
13 components
are forecast and
then combined
using “bridge
equations.”

500 monthly
time series of
U.S. real eco-
nomic activity.
They start with
the 85 time series
traditionally
used by CFNAI
that focus on 4
major categories
- production
and income;
employment, un-
employment and
hours; personal
consumption and
housing; and
sales, orders, and
inventories, and
add additional
series from the
Conference Board,
FRED MD, At-
lanta Fed and
NY Fed Nowcast
models.

6 series of vary-
ing frequency:
weekly initial
jobless claims;
monthly payroll
employment,
monthly indus-
trial production,
monthly real
personal income
less transfer pay-
ments, monthly
real manufactur-
ing and trade
sales; and quar-
terly real GDP.
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Methodology
Summary

Dynamic factor
model estimated
by Kalman filter-
ing and likelihood
based methods
that directly
predict GDP.
Accommodate the
”jagged edge” or
staggered nature
of data releases.
First all the
macro series are
summarized using
PCA, and the
factor loadings, as
well as dynamics
are initialized
by OLS param-
eters. Then,
using Kalman
smoother, an
updated estimate
of common factors
is obtained.

Bridge equa-
tion methods
that combine
dynamic factor
models’ ”top
down” approach
(direct prediction
of GDP with no
sub-components
predicted like the
NY Fed) with
a ”bottom-up”
approach of pre-
dicting the 13
GDP components
using bridge equa-
tions that regress
the growth rate
of a component
on one or more
related monthly
series as well as
their own lags.

Collapsed dy-
namic factor
model This is
an interesting
application of
jointly modeling
the target variable
Yt - real GDP
in this case -
in a small-scale
dynamic factor
space. Thus,
real GDP acts
as an instrument
or supervising
variable Yt to
help correct for
potential biases
from many weak
factors. The
details are in the
footnote in the
previous section.

Dynamic factor
model where
business condi-
tions are treated
as the latent
variable. They
explicitly include
different and high
frequency daily
data in their esti-
mation procedure.

References Nowcasting Re-
port NY Fed.
Suspension due to
pandemic induced
volatility

Atlanta Fed GDP-
Now

Brave-Butters-
Kelly Index with
500 variables
(newer). CFNAI
Index with 85
variables (older).

Aruoba-Diebold-
Scott Business
Conditions Index

1.1.3.2 Non-linearity and ML for Nowcasting

An interesting strand of macroeconomics forecasting literature that has been suc-
cessfully using newer machine learning techniques has emerged recently. The Y
variables, as it were, remain standard - unemployment, inflation, industrial pro-
duction and such, but more and more non-linear and computationally intensive
modeling techniques are being used on X variables of both types - the traditional
macro data and newer alternative data. Researchers are also successfully dealing
with the challenge of applying these methods to time series analysis where the
order of data is crucial. The ML techniques being used cover a variety ranging
from tree-based methods like Random Forest (Medeiros et al. (2021), Chen et al.
(2019)), Gradient Boosted Trees(Döpke et al. (2017)) - especially XGBoost, to
elastic net techniques (Hall et al. (2018)) such as Lasso and Ridge regressions
with various regularization schemes as well as time variation (Yousuf and Ng
(2021)). Other successful techniques include Support Vector Machines (Sermpinis
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et al. (2014)) that resemble logistic regression, as well as more all the way to neu-
ral networks like Back-Propagation (BPN)12 and Encoder Decoder (Smalter Hall
and Cook (2017)) models.

A striking conclusion of this strand is that the newer machine learning tech-
niques seem to not only pick up on business cycle turning points with more success
than the more traditional linear techniques but also outperform the standard lin-
ear techniques at both short and long13 forecasting horizons.

A natural question to ask is what aspect of machine learning lies behind this
outperformance? Work such as Coulombe et al. (2020) who perform a “meta-
analysis” of various machine learning techniques for macroeconomic forecasting
are investigating this question. They design experiments to identify which features
of ML models - nonlinearity, regularization, cross-validation, or alternative loss
function are impactful for macro prediction in both data-rich and data-poor en-
vironments. Coulombe et al. (2020) report that nonlinearity (especially Random
Forest and Kernel Ridge Regression techniques) has the most positive impact,
followed by cross-validation to pick appropriate hyper parameters, but regular-
ization and alternative loss functions do not seem to improve much upon existing
linear methods. The effects are even more pronounced when using alternative
data, predicting economic cycle turning points, and for longer horizon forecast
problems.

Specifically for nowcasting, a study by the Reserve Bank of New Zealand
and Bank of England researchers (Richardson et al. (2021)) finds that machine
learning models perform better than both a simple AR benchmark as well as the
dynamic factor model and also add value when ensembled with official forecasts.
The study notes - “The top-performing models - boosted trees, support vector
machine regression and neural networks - can reduce average nowcast errors by
approximately 20-23 percent relative to the AR benchmark. The majority of the
ML algorithms also outperform the dynamic factor model.”

Meteorology, from which we have borrowed the very term ‘nowcasting’ is far
ahead of us in terms of model sophistication as well as performance. Meteo-
rologists use deep learning models such as convolutional LSTM (Xingjian et al.
(2015)) with millions of variables and achieve more than 95% predictive accuracy
for the next 3 days weather (Bauer et al. (2015)). Additionally, many other fields
such as public health and epidemiology also combine and utilize alternative data
effectively for nowcasting.14

As we learn from these fields, we should remember that the underlying phe-
nomenon being modeled can be quite different; the weather though complex, does
not exhibit reflexive behavior unlike humans who might change their behavior
based on the knowledge of others’ behavior whether noted by Keynes (1936),

12Moshiri and Cameron (2000)) is an example of the early work in the field.
13For example, Datar et al. (2020) who utilize accounting data to forecast US GDP find that

Random Forest algorithms are effective forecasting 3 to 4 quarters ahead.
14Venkatramanan et al. (2021) use mobility data and machine learning to forecast influenza

activity.
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Figure 1.1.9: The top 50 most popular FRED macro tickers sorted by number
page views on a Relative Basis (with a 1000 being an imaginary maximum). This
seems in line with the power law in empirical data per Clauset et al. (2009).
Metadata and usage statistics retrieved from FRED Data Desk team, Federal
Reserve Bank of St. Louis, https://fred.stlouisfed.org/, February 9, 2021.

(chapter 12) in his famous beauty context example or other financial market phe-
nomenon as noted by Soros (2009). Popper (1961) in his book - The Poverty
of Historicism, notes not only the philosophical differences between physical and
social sciences but the negative social impact of narrow minded and idealistic
pursuits based upon these ideas. More recently, Lo and Mueller (2010) caution
us against the enthusiasm for Physics like “immutable laws” in explaining eco-
nomic and social phenomenon which can have unintended consequences and O’neil
(2016) reports examples of algorithms exhibiting unintended biases and causing
economic and social harm in multiple fields.

1.1.4 Dimensions of Alternative Data Quality

1.1.4.1 A Crowd-Sourced Experiment

In practice, domain expert input is important to improving data selection, clean-
ing, and hypothesis generation. As a proxy for expert input we carried out an
experiment with the cooperation of the St. Louis Federal Reserve Bank. We
obtained the top 1,000 most popular macroeconomic data releases as ranked by
FRED show in Figure 1.1.9. This is similar in spirit to the NY Fed’s variable se-
lection criterion of the ones that “move markets and make front page news” (Bok
et al. (2017)). Immediately, we can see that all macro data are not created equal:
the amount of attention is distributed in a “power law” sense with the top two -
unemployment rate in the first place and inflation (CPI) in the second getting 930
and 748 views respectively on a 1-1000 imaginary relative scale. The 15th most
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popular release - continued unemployment insurance claims - has only 137 views
and the 1000th most popular series which happens to be the labor force partici-
pation rate specific to 20 year and over white men merely 3 views. We found that
the top 50-100 variables obtained by this method corresponded to the variables
generally used by the various nowcasts - for example, the variables obtained with
this method for the employment sector were the unemployment rate, NFP, initial
claims, and labor force participation.

1.1.4.2 The Need for a Hypothesis

Millions of features becoming available through new technologies (figure 1.1.10) is
very exciting but it brings its own set of challenges. The St. Louis Fed maintains
a huge collection of macroeconomic data FRED with more than 788,000 data
series already available. We saw in table 1.1.3.1, that the number of variables
utilized for nowcasts range from 6 to 500. A simple calculation - ignoring the
fact that some of these series are sub-series of each other - shows that even for a
500 variable nowcast, the ex-ante probability of any one data series being used is
0.06%, which is orders of magnitude smaller than the probability of not being used
at 99.94%. When the statistical learning expert is making the model and considers
new features, she faces the ex-ante trade-off of a certain increase in variance vs. the
uncertain reduction in bias. Even if a feature appears individually quite related
to the ‘y’ variable in question, it is difficult to guess its noisy marginal predictive
benefit after accounting for other variables‘ predictive power.

Since all data are not equally important, merely adding more data series to
the large quantity of already available ones is not an optimal method to increase
information about the state of economy. In fact, when the p ≫ T problem is
severe, with the number of relevant features vs. total possible feature being quite
low at (0.06%), the problem worsens as we add more features. Additionally, pure
statistical techniques such as regularization cannot solve this problem for any
value of the hyper-parameter.

Faced with these obstacles, we have arrived at the need for a prior hypoth-
esis. In other words, a structure or set of constraints that can guide variable
selection. This variable selection methodology should address our ex-ante need
for economic intuition or even provide a theoretically motivated assurance that
this new data series –by construction– can substantially improve a particular di-
mension of data quality as compared to traditional data. For instance, we may
begin with an initial hypothesis about the data set in question being beneficial
along the increasing timeliness dimension if it is collected in real-time, or along
the lowering bias dimension if it consists of the entire population’s response as
compared to a sample of the population, and the subsequent analysis can act as a
“posterior updating” about the interaction of that data source and the economic
phenomenon in question. Asset management researchers like Lopez de Prado and
Lipton (2020) are recommending that one “develop theory, not trading rules”,
similar to the demand for structural models in macroeconomics.
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Figure 1.1.10: Traditional data vs. Big or alternative data along the marketing
consumer funnel. Consumer becomes conscious of the need in Awareness phase,
finds information in the research phase, defines the purchase set in the decision
phase, and finally procures product in the purchase phase. Traditional data typ-
ically have little information on awareness and decision phase as indicated by
question marks. Alternative data typically occupy more than one spot in the fun-
nel, as indicated by the arrow on the right stretching across all phases, in support
of Jansen and Schuster (2011) who conclude that the process is more complex
than the simple linear representation.

Thinking through a common alternative data source - web search to nowcast
government data may illustrate the idea. Many people use web search to seek
information before they act, so by construction search data might have the po-
tential to be more timely than the slower government statistics; also it is well
known that the sample size of the search population is much higher than that of
standard government surveys so search data are likely to be more precise. How-
ever, ex-ante we may also be concerned about the urban and tech-centric bias
as well as inherent noise in web search data, since heavy tech usage tends to be
urban and trending searches can become more popular without any chance in the
economic phenomenon. While this is not a full-fledged theory about the economic
phenomenon in question, these initial hypotheses act as informed priors that can
afford a more rigorous evaluation beyond the merely statistical model fit. If sub-
sequent analysis reports that the nowcast based on search data excels in older
rural populations but not in urban tech-centers, one would be skeptical regardless
of the statistical fit. Table 1.1.3 considers common characteristics of data that a
researcher might wish to focus on and compares some traditional and alternative
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Figure 1.1.11: Sample data quality hypotheses for a few commonly used alterna-
tive datasets.

data sources along those dimensions.

1.1.5 NFP and Web Search Case Study

We identified three big problems with macro data - the Big (p ≫ T ) data, the
staggered releases, and the poor data quality. The previous sections discussed how
nowcasting addresses the first two and in this section we will present a nowcasting
case study to improve the timeliness and accuracy dimensions of government data.
We pick a popular alternative data set - web-search and the government release
we will focus on is Non-Farm Payrolls (NFP) - one of the major data releases in
the United States(Baumol (2013)). The question we wish to answer is:

Do search data contain economically important, unique, and more accurate
information faster as compared to the official government employment data?
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Table 1.1.3: Some Typical Data Quality Dimensions for Com-
paring Alternative and Traditional Data

Data
Quality
Dimen-
sion

Traditional Data Alternative Data Remarks

Timeliness Typical lag of 1 to
3 month even for the
United States. Can
be worse for developing
countries. For example,
for India, the current lag
is more than 1 year with
the latest official labor
market data in March
2021 is for June 2018-
2019 annual survey.15

Social data such as Twit-
ter, Web search, Red-
dit can be practi-
cally instantaneously
collected and be lead-
ing indicators. These
indicators provide in-
formation on intention
or the awareness, re-
search, decision phases
in figure 1.1.10 that
was typically unavail-
able previously and are
likely to precede ac-
tion such as pur-
chase, which was mea-
sured by traditional indi-
cators like retail sales.

High frequency (daily,
weekly) availability can
also mitigate the “jagged
edge” problem with tra-
ditional data. Some
alternative data sources
like mobility may be de-
layed by up to a week
and credit card data
may be delayed by one
to three days until the
transaction settles but
can still be leading indi-
cators.

Wide

coverage

(high

recall)

Carefully designed and
covers many tradi-
tional sectors in a bal-
anced demographic way.

Typically alterna-
tive data sources are
stronger in certain
sectors such as con-
sumer behavior and
spending, labor market
behavior in technology
driven and gig-economy
sectors. Sensor data
such as satellite and
mobile phones can be
used to better under-
stand mobility patterns
during COVID-19 etc.
However, typically
alternative sources tend
to have less visibility
into the government and
B2B sectors.

Traditional data sources
may find it difficult to
measure gig-economy
activity (Kässi and
Lehdonvirta (2018)).
Even combining many
alternative data sources
to measure government
or B2B activity is not
easy due to high costs
and ineffective due
to potential sampling
biases.

15Recently, India is attempting to reduce this interval to three months.
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Accuracy

(high

preci-

sion)

The accuracy of tra-
ditional data is low
with up to 50% revi-
sions (Jain (2019)) of
the most important data
releases even for the
United States. This is-
sue partly springs from
the high cost of infor-
mation gathering in the
past where it was neces-
sary to make a trade-off
between speed and accu-
racy via frequent small
samples (50,000 people
once a month) and infre-
quent full census (5 to 10
years).

Alternative data can
measure cheaply and
frequently at scale, but
bring their own noise
from automation, us-
age pattern changes,
as well as sample bi-
ases, data collection
methodology changes
etc. (Jain (2019)).
Careful curation and
cleaning can help lower
that noise in certain
cases for example in in-
flation measurement for
Argentina (F. Cavallo
and Rigobon (2016)).

Survey responses de-
clined during COVID-19
times (Rothbaum and
Bee (2020) making it
challenging even for
well designed traditional
data sources. The other
challenge is measuring
and weighting new
sectors appropriately in
case of fast technological
change.

Long

time

series

Traditional data tend to
havemuch longer time
series, typically 30 years
or more, and cover mul-
tiple economic cycles.

A key issue with alterna-
tive data is the shorter
time series - anywhere
from 3 to 15 years which
may not cover many eco-
nomic cycles.

Researchers like Adler
et al. (2019) are showing
creative approaches
in combining official
(and potentially under
reported) census data to
the newer and granular
search data which does
not have as lengthy a
time series.

High

granular-

ity

Traditional data tend to
offer limited granular-
ity since they are sam-
pling based and utilize
the same set of ques-
tions. For example,
the household survey for
NFP polls 50,000-60,000
respondants per month.

Naturalistic alternative
data can offer im-
mense granularity
on a minute by minute
basis. For example,
there are 500 million
self generated tweets
per day of which even
if 5,000,000 are relevant
to a particular economic
topic is still substantial.

While minute by minute
granularity is interest-
ing and extremely use-
ful, it does not increase
predictive power of eco-
nomic phenomenon lin-
early (Jain (2019))
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Low bias Traditional data
sources tend to be
less biased since
they tend to be care-
fully designed with
sophisticated statis-
tical techniques for
the explicit purpose of
gathering that particular
data. However, these
data collection are not
immune to agency in-
competence, government
intervention and poli-
tics. Worryingly,Aruoba
(2008) documents
a relatively large
bias - a non 0 mean
deviation that may
be predictable - in
revisions to major
economic statis-
tics such as GDP
for United States
and concludes that
“these are not rational
forecasts.”

Alternative data
sources tend to be
more biased since
they are typically not
designed for analysis
purposes and may
appeal to a very specific
population using them -
whether they are large
corporations, small busi-
nesses, or individuals.
For Most social data
such as Web-search,
Reddit, Twitter tend
to have an urban and
tech-centric bias.

For traditional data
bias issues, read (Coyle
(2014) for an account
of Nigeria, Ghana and
a few countries’ GDP
increasing dramati-
cally or F. Cavallo
and Rigobon (2016)
and Cavallo (2013) for
using a Big Data online
inflation index to find
misreporting on the
part of the Argentinean
government. Brave et al.
(2020) contains good
examples of potential
biases in alternative
data, for instance they
cite potential issues
with Homebase whose
customers were ser-
viced oriented small
businesses and hence
showed a larger decline
in hours worked during
COVID-19 as compared
to the balanced BLS
panel.

Low Cost Typically free in dol-
lar terms for users
since government agen-
cies like the Bureau of
Labor Statistics (BLS)
for the United States
make the data available

Typically more ex-
pensive with datasets
costing anywhere from
$30, 000 to more than
$100, 000 and with
the annual spend by
asset managers con-
tinually growing per
the JPM Big Data
Guide (Krishnamachari
(2017)).

The privacy cost and
risk is perceived to be
low for traditional data
since the user typically
volunteers information
and it is just a sample
but the privacy cost and
risks for alternative data
can be high (Jain and
Seeman (2019)

In accordance with the previous section, first we examine which data dimen-
sions or attributes might we reasonably expect search data to have as compared
to the government data, second we carefully clean the data to maximize that
attribute, and finally we perform some simple analysis to test our hypothesis.
In terms of data dimensions, we hypothesize based on figure 1.1.11 that search
is likely to be more timely as compared to government data, widely applicable
across multiple sectors and more accurate since the sample size of search data is
much bigger than the government NFP surveys. A concern is the potential urban
and technologically capable user bias of search. The careful search data cleaning
will take the form of generating and matching detailed lists of job titles to the
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BLS categories and the final analysis will examine the statistical and economic
significance of search data in nowcasting NFP revisions.

1.1.5.1 Background and Related Work

Over the last decade researchers working in this field have looked to web search
activity as an attractive information option due to its high volume (nearly 80%
of people use web search to look for a new job Smith (2015)), continuous data
generation, and real time availability. Web search data being naturalistically gen-
erated as a result of people addressing their true interests and concerns (Dumais
et al. (2014); Goel et al. (2010)) also makes them potentially different source of
information as compared to the official survey based govt data.

There are many notable papers in the field (Choi (2009); Choi and Varian
(2012); Concha Artola and Hernández (2015); Einav and Levin (2013); Goel et al.
(2010); Hellerstein and Middlethorp (2012); Suhoy (2009)) that use web search to
predict a variety of employment related statistics across the world in addition to
other official macro statistics such as consumer confidence, tourist inflows, mort-
gage re-financing, auto sales, and home sales. There are two main stylized facts in
this literature about search data - first that there are only small improvements by
using search data16 and the second that good existing data sources can overcome
benefits from search data.17

16Choi and Varian (2012) is a seminal paper in nowcasting or predicting near term economic
indicators such as automobile sales, unemployment claims, consumer confidence and others using
web search data from Google. Their paper follows several other authors who predict unemploy-
ment in various countries such as US, Germany and Israel Askitas et al. (2009); DÁmuri and
Marcucci (2010). They tend to agree with Goel et al. (2010) that search data do not provide
dramatic improvements in forecast performance but advance the case that these small improve-
ments are economically significant. Specifically, in the field of unemployment they predict initial
claims for jobless benefits (IJC) which is very close to a random walk. In fact, they find that
the prediction error in their holdout sample increases from 3.68% to 5.95% upon including the
search variables, but they suggest that the search model fits better in recessions or turning points
where the mean average error decreases from 3.98% to 3.44%. While interesting, Choi and Var-
ian’s claim is weakened by the fact that their sample only has one recession and hence a limited
number of turning points. Also, the difference in mean average error of 3.98% and 3.44% could
just be sampling noise. Other researchers such as Bortoli and Combes Clement and Stephanie
(2015) also focus on forecasting household consumption in France, which have high trending and
autoregressive components, and similarly find that search data do not add much predictive power
over the autoregressive or trend components.

17Goel et al. (2010) present empirical results in several domains and pose an important question
regarding the incremental information content of search data in the presence of other data sources.
They find that “the utility of search data relative to a simple autoregressive model is modest.”
Additionally, they find that search data add value “in absence of other data sources, or where
small improvements in predictive performance are material.” In our case predictions of NFP
statistic by Wall Street analysts in advance of the release of the statistic itself form a very good
existing data source. Most of the literature including Choi (2009); Choi and Varian (2012) does
not explicitly control for the baseline knowledge other than controlling for previous trend. While
some of the prediction by Wall Street analysts may be based on trend, it seems naive to assume
that all of the predictions by highly paid professionals with large incentives to outperform will
be simply captured by a linear trend model. DÁmuri and Marcucci (2010) come the closest to
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There are three major areas of concern with the prior literature:

First, most of the macro-economic variables predicted such as unemployment
rate or unemployment insurance claims (also called Initial Jobless Claims or IJC)
have a high (>90%) trend component (Choi (2009); Choi and Varian (2012))
which makes it difficult to judge the importance of the new web search data and
tend do not impact the financial markets much.

Second, most studies do not explicitly control for existing experts’ forecasts
so it is not clear if the information is truly different and hence incremental to
existing knowledge.

Third, as both government data and search data are noisy proxies for true and
unknowable economic growth,18 it is unclear how to ascertain the veracity of the
information content.

Using a novel data set of more than 830 million employment related searches
from a popular search engine (Bing), and leveraging the methodological innovation
of nowcasting revisions to the same official NFP number, we address these three
concerns.

We focus on Non-Farm Payrolls (NFP) rather than the unemployment rate or
IJC used in other studies such as Choi (2009); Choi and Varian (2012). As “the
most important data release in the world”(Baumol (2013)), NFP is economically
much more relevant to market participants than other statistics such as unem-
ployment rate or IJC. Using changes to NFP as our variable of concern rather
than levels of unemployment rate or IJC lowers the trend component from 90%
to 60%.

We use a live and realistic antagonist to search data in the form of consensus
of highly trained, professional Wall Street economists who get ranked on how well
they forecast. This is in contrast to imposing a simple auto-regressive structure
or arbitrarily selecting one or two variables relevant to the labor market forecast.
It seems reasonable that professional strategists would use all the relevant infor-
mation from other government data and private vendors to make sophisticated
statistical models, as well as leverage their considerable experience to forecast
such an important number.

We use the novel methodology of nowcasting the revisions in the official NFP
release itself, which typically happen 1 to 3 months after the initial NFP data are
released. As more employers finally respond to the voluntary employment surveys
upon which the official NFP statistics are based, the revised NFP numbers, by
construction, contain more information than the initial NFP numbers. And if
search data can predict the revisions in NFP 1 to 3 months ahead, the case for

our idea by controlling for the survey of professional forecasters as do Antenucci et al. (2014).
but they predict the highly trending unemployment rate and jobless claims with low financial
market impact. If a data release does not impact financial markets then it is quite likely that
the information was already known to the participants and hence reflected in the prices per a
standard efficient markets model (Fama (1970).)

18Croushore (2011b) has an example of the US real output growth for 1977 Q1 changing until
2010.
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Figure 1.1.12: Response rates to the NFP Employment Survey for the
first release vs. the second and third release. Data Source: BLS
https://www.bls.gov/osmr/response-rates/

search having superior information becomes much stronger. We also verify the
existence of extra information in revisions as compared to the initial releases via
news and noise regressions and formal Granger causality tests.

In using the Google search data researchers have been cautious about the
the lack of transparency and heavy aggregation in normalization of searches, as
well as search term relevance declining over time as Suhoy (2009) and, Chan-
cellor and Counts (2018) report. By using the entirety of our proprietary 830
million employment search related dataset we eliminate the normalization issue,
and by cleaning and curating the employment web search dataset with the help
of economics experts, we better focus the dataset on the main macroeconomics
problem. Encouragingly, we find that the overall performance with web search
is better than what the literature has reported thus far, and it improves further
when we focus on sampling areas that government surveys do not get the best
information from.

As Figure 1.1.12 shows for the establishment survey, typically only 60%-70%
of the responses make it back in time for the first release. Phipps and Toth (2012)
investigate which types of firms have low response rates to BLS survey and find
that four main factors are important: First, the firm size measured in number
of employees, second whether a firm is a “white-collar service firm” as indicated
by inclusion in three super-sectors: 1) Information 2) Finance and 3) Professional
and Business Services, third, whether it has multiple offices, and fourth, the size of
the metropolitan service area (MSA) in terms of the population in the area where
the official has to collect the employment data. The authors find that “White-
collar service establishments with a larger number of multi-units have the lowest
response rates.” Additionally, small and medium sized businesses, which are more
sensitive to cyclical changes of the economy, are also slow to respond since they
might lack a specific department to respond to such surveys. Being located in
a metropolitan service area (MSA) with a large population is associated with
lower BLS responses. Plausibly, the firms with lower initial response rates might
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be responsible for the most changes from revisions. White-collar service firms in
metro areas are the ones quite likely to use internet search and other web-scale
data for content production. Mislove et al. (2011) find that twitter users are “more
likely to live within populous counties than would be expected from Census data”,
The potential under-representation of urban area, service firm bias in BLS data
may thus be naturally addressed by web-scale data which tend to be biased in the
direction of over-representation of such entities.

As has been widely documented in the literature, for example by Goel et al.
(2010) and by Chancellor and Counts (2018) more recently, web-searches reflect
the users’ demand for information. This demand driven data generation is in
contrast to government statistics that rely on users’ voluntary supply of informa-
tion. In troubled economic times, users’ demand for information could increase
while the supply of information might decline. This differential between demand
and supply of information can be utilized. For instance, for NFP, we believe
that the differential of demand and supply for information is potentially highest
among white-collar service firms located in large metro areas in sectors such as
architecture, business, finance.

1.1.5.2 Government Non-Farm Payrolls (NFP) Data Overview

For this case study we focus on the non-farm payrolls (NFP) data release, which es-
timates the number of jobs added to the U.S. Economy each month and is released
by the Bureau of Labor Statistics (BLS). This release consists of two surveys, the
first is the household survey of around 60,000 households, and the second known
as the establishment payroll survey is a survey of more than 600,000 corporate
and government sites. Here we rely on the establishment survey, which further
categorizes employment numbers into about 15 sectors and sub-sectors such as
“Information”, “Retail trade”, “Professional and business service.” Changes to
NFP can help signal the beginning or end of a recession if the economy starts
losing or gaining more jobs as compared to the past trend.

Typical Wall Street consensus for NFP data release has around 80 estimates
from qualified economists from various investment banks and other institutions,
and is usually available about a week before the data release. Given the impor-
tance of the data release, these economists at institutions such as Goldman Sachs
have the resources and a substantial stake in getting the number right. Bloomberg
tracks the previous predictions of these economists and ranks them based on their
performance. In our analysis we simply use the average of all the economists’
estimates.

There are two main uses of economic information - the first is to predict the
short run impact and the second is to understand the long run trend to make
policy decisions Kliesen (2014). The short run impact is typically a few hours
or days and can be analyzed using “event studies” which involve the analysis of
price impact of the incremental information on liquid financial instruments. The
logic behind analyzing the movements in liquid instruments such as government
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Figure 1.1.13: An indicative timeline of the Initial NFP and Final NFP data
releases along with the prediction fromWall Street analysts’ consensus and search-
based variables.

Figure 1.1.14: Movement in the 2-year bond yield for. NFP surprises (Actual
release – Wall Street consensus) on the left and Unemployment surprises on the
right. The NW corrected t-stat for NFP is 9.4 vs. the t stat for unemployment
at 0.32 in a horse race. Data Source: Bloomberg.

Electronic copy available at: https://ssrn.com/abstract=4258444



1.1.5. NFP AND WEB SEARCH CASE STUDY 27

bonds is based on the efficient markets hypothesis of Fama (1970) according to
which prices adjust in accordance of the revelation of as new information. Thus,
the more informationally important data releases should have higher price impact
and the less informationally important data releases should have a lower price
impact. Taking the particular example of the 2 year bond, calculations show that
the typical NFP release explains around 28% of the variance of the US 2 year
bond for the day, and a 1 unit change in surprise in the NFP release results in a
0.53 unit move in the 2 year bond yield which is significant at the 0.001 level. In
contrast, the surprise in the unemployment rate accounts for almost none (0.8%)
of the variation in the 2-year bond yield and a 1-unit surprise in unemployment
rate only accounts for 0.06 units of movement in the US 2-year bond yield.19

The longer-term economic purpose of the NFP report is to help estimate the
trend growth of the economy rather than just predict the one day moves in the
asset markets. As noted before, this trend growth in the U.S. labor markets is of
vital importance to the Federal Reserve for conducting monetary policy, as well as
corporations, investors, and citizens who wish to understand where the economic
cycle is for making longer term decisions. Baumol (2013); Jain (2019); Kliesen
(2014); Lin et al. (2019). Substantial revisions to NFP and other macroeconomic
data, make it difficult to truly gauge the current state of the economy and hence
make optimal policy decisions in real time.20

1.1.5.3 Information Content of NFP Revisions.

Mankiw et al. (1984) suggest two possible outcomes for data revisions - news or
noise. In their context, news is defined as extra information uncorrelated with the
initial release that was revealed in the final numbers and noise as a forecastable
correction that is unrelated to the final number. They test these two competing
hypothesis by performing correlations of the revisions with the initial number
(noise hypothesis) and final number (news hypothesis) as well as regressions. We
find that both the correlation 21 and regression results correspond closer to the
news hypothesis for NFP. 22

We further formalize the intuitive notion illustrated by figure 1.1.15 and the

19Since both data releases occur on the same day, we also run a regression with both variables
(not shown here) and find that indeed the t statistic associated with NFP surprises is 9.4 vs. the
t stat for unemployment at 0.32. The results for IJC are similar.

20Specifically, for NFP, the absolute revision is about 102,000 jobs in bad economic times vs.
57,000 jobs in good economic times. Thus, the initial NFP estimates underestimate extent of
job losses at the starting of downturns and also consistently underestimate the job gains when
the recession ends. Figure 1.1.15, shows two lines- the blue line which represents the analysis
conducted using the data available in real time and the dashed red line which represents the
analysis conducted with the benefit of hindsight using revised data that are available 1 to 3
months after the initial data. As we can see, during the 2007-2008 financial crises, the Initial
NFP data would be delayed by a period of 6 months as compared to the Final NFP data for
determining the downturn as well as the upturn.

21The correlation between NFP revisions and the Initial NFP is -0.043 with (-0.16,0.10) as the
bootstrapped 95% confidence interval, whereas Final NFP and NFP revisions are correlated at
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Figure 1.1.15: An intuition for how estimating economic cycle turning points using
Final NFP vs. Initial NFP estimates can yield different results.

Table 1.1.4: News vs. Noise Regressions for NFP. Standard Errors are NW cor-
rected. The β for news regressions is clearly close to 1 and for noise is significantly
different than 1.

News vs. Noise Regressions

Noise Hypothesis
(Initial ∼ Final)

News Hypothesis (Fi-
nal ∼ Initial)

Intercept 1.73 14.89**

(NW tstat) (0.39) (3.17)

Slope 0.89 0.99***

(NW tstat) (38.6) (38.1)

R2 0.87 0.87

N 492 492
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Table 1.1.5: Granger Causality Tests for Information in Initial NFP vs. Final
NFP

Granger Causality Wald Tests

Equation Excluded Chi2 df Prob > Chi2

NFP Initialt+1 NFP Finalt+3 46.38 3 0.00

NFP Finalt+3 NFP Initialt+1 5.83 3 0.12

analysis in table 1.1.4 that the Final NFP releases do contain more information
than the Initial NFP releases, rather than a mere rebasing, with a Granger (1969)
causality test . The tests in Table 1.1.5 show that the Final NFP data “Granger
cause” the Initial NFP data but not vice versa. In other words, knowing the
Final NFP numbers is useful in predicting the Initial NFP numbers but knowing
the Initial NFP numbers is not useful in predicting the path of future Final NFP
numbers. Thus, it seems reasonable to interpret that Final NFP numbers contain
more forward-looking and correct information about the path of the economy
rather than the Initial NFP numbers.

1.1.5.4 Web Search Data

We collected employment related searches on MSFT’s search engine Bing23 from
January 2012 to March 2018 - a total of 74 months. These searches are from both
mobile and desktop devices and constrained to only be in the English language
for the country region of United States. We follow the same technique Chancellor
and Counts (2018) use in cleaning the data by only using four keywords: “job”,
“jobs”, “career”, and “careers” as reflecting the best trade-off for actual results
and minimizing false positives, and remove queries with co-occurring irrelevant
words (“Steve Jobs”). This yields a total of around 830 million employment
related queries. Before constructing various search related variables, we check
if search data are substantially demographically or geographically biased across
states and we find that is not the case, as shown in Figure 1.1.16.

There are two main types of employment related searches- broad and sector
specific. The first type or broad searches are employment related searches typed
into MSFT’s Bing search engine that did not have any specific job sector associated
with them. This broad category is captured by “Overall” employment related

+0.31 (+0.19, 0.44) as the 95% confidence interval.
22Similar to Aruoba (2008) we find a significant intercept for the news hypothesis but we

believe the bias to be more “local” due to a lack of speed in the fashion Croushore (2011a)
suggests - when we have recessions, the initial numbers are slow to reflect how bad the data are
and vice versa.

23Ethics Review and Data Protection This study was found in line with the Common Rule for
exemption by the Microsoft Research Ethics Advisory Board under protocol 7. Our data were
gathered historically; there was no interaction with users by changing search results. No session
information is used in our dataset. All data was anonymized and aggregated to county level and
to national level for the final analysis. Our use and storage of this data is in agreement with
Bing‘s End User License Agreement and Privacy Policy
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Figure 1.1.16: Demographic and geographic distribution of Bing searches vs.
U.S. population. Source: MSFT and US Census.

Figure 1.1.17: Examples of hand curation of job searches into employment sectors

Figure 1.1.18: On the left, Correlation of employment related search categories
vs. Initial NFP (gray) and Final NFP (red) release and on the right, Not Sea-
sonally Adjusted (NSA) overall employment related searches adjusted for Bing
market share changes vs. NSA Non-Farm Payrolls levels. Data Source: MSFT,
FRED, Bloomberg.
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Figure 1.1.19: NFP (diffs) vs. Search (diffs) correlations seasonally adjusted
raw diffs(red) and seasonally adjusted normalized differences (gray). These delta
correlations do not change much with normalization unlike levels relationships.

searches. An example would be a search like “Jobs in Seattle.” The second type
of employment related searches are sector specific; their construction follows the
technique used by Chancellor and Counts (2018) where job searches are carefully
curated and matched to economic sectors obtained from about 15 BLS categories
specified in the NFP report. Figure 1.1.17 provides an example of the hand-
curation of searches with examples of specific searches that got categorized into
various job categories corresponding to the NFP data releases. Figure 1.1.18
shows the plot of the “Overall” employment related searches. We notice that as
the unemployment rate declined, the searches for employment also decline from
Jan 2012 to March 2018.

To ensure our results are robust to normalization, we compute the correlations
(and the regressions) both ways - normalized by total searches and not normalized
and find very similar results. The distribution of month over month changes in
search is substantially more robust than the distribution of levels - which can
change dramatically depending on the denominator. Jain (2019) discusses the
normalization robustness issue in greater detail. The added intuitive benefit of
relying more on the month over month changes in search is that at the monthly
time-scale they are more driven by changes in population search behavior rather
than gains or losses in the search browser market share or another normalization
factor.

1.1.5.5 Search and NFP Correlation

After seasonally adjusting both series, we perform a correlation analysis of the
month over month changes in the 16 search signals - the 15 curated employment
sectors and the broad employment search category of ‘Overall’ with the changes
in Initial and Final NFP data releases for the period from 2012 to 2018.24 The
results are displayed in 1.1.6, which also contains the bootstrapped 5% and 95%

24Correlation of raw or NSA employment search first differences with NSA NFP first differences
is 0.70, but that overestimates the economic relationship since seasonal patterns are predictable.
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Table 1.1.6: Correlations of employment relates searches in various sectors with
the Initial NFP and Final NFP. Median correlations are in bold and the boot-
strapped 5thpercentile and the 95thpercentile correlations for both are displayed.

Search Category Initial

NFP

50th%ile

Initial

NFP

5th%ile

Initial

NFP

95th%ile

Final

NFP 50th

%ile

Final NFP

5th%ile

Final NFP

95th%ile

Overall -0.17 -0.36 0.03 -0.30 -0.46 -0.12

Users -0.04 -0.23 0.15 -0.17 -0.37 0.03

Arch.& Engg. -0.15 -0.35 0.06 -0.37 -0.52 -0.20

Art -0.12 -0.33 0.09 -0.20 -0.41 0.04

Business -0.12 -0.32 0.09 -0.21 -0.39 -0.03

Construction -0.03 -0.26 0.20 -0.15 -0.35 0.07

Education -0.12 -0.33 0.09 -0.20 -0.41 0.04

Finance -0.13 -0.31 0.07 -0.29 -0.44 - 0.11

Food -0.08 -0.25 0.09 -0.29 -0.47 -0.10

Healthcare -0.11 -0.28 0.08 -0.24 -0.40 -0.07

Leisure &
Hospitality

-0.01 -0.21 0.21 -0.14 -0.36 0.09

Manufacturing -0.01 -0.19 0.28 -0.07 -0.26 0.13

Retail -0.06 -0.25 0.13 -0.14 -0.39 0.11

Science 0.05 -0.19 0.28 -0.03 -0.31 0.23

Technology -0.11 -0.30 0.10 -0.25 -0.42 -0.06

Transportation -0.04 -0.25 0.18 -0.25 -0.46 -0.03

Government -0.07 -0.30 0.16 -0.30 -0.50 -0.07

confidence intervals for the correlation metric. The search delta correlations follow
the same pattern as the levels in the previous section and are negatively corre-
lated with the number of jobs created. There are two potential intuitions behind
the negative correlation of net jobs created (NFP) and the employment related
searches or demand for employment information: the first is that when economic
times are good, as signalled by a low unemployment rate, it may cost less effort
to find jobs which lowers the number of searches per potential applicant, and the
second is that in good economic times less people may be looking to change jobs,
thus lowering the number of applicants.

We also find that the search data are more correlated across categories to the
Final or the revised NFP numbers that are only available 1 to 3 months after the
Initial NFP number. The stronger correlation with the Final NFP numbers rather
than the Initial NFP numbers suggests that search data may contain forward
looking information relevant to the revised Final NFP numbers. As evidence
of robustness, correlations with the Final NFP numbers are negative, as well as
higher in magnitude and the result is consistent across the 15 hand-curated sectors
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in addition to the Overall broad category of generic job searches.25

We now investigate the efficacy of search data in nowcasting the Final NFP
numbers more formally. We would like to test if search data truly contain infor-
mation not completely captured by the Initial NFP as well as the existing baseline
estimates of the sophisticated Wall Street economists. Towards that objective we
run several regressions of the form:

Final NFPt+3 = α+ β1 · InitialNFPt+1 + β2 · LaggedInitialNFPt

+ β3 · EmploymentSearcht + β4 · SectorSpecificSearcht
+ β5 · EconomistsSurveyt + ϵt (1.1.9)

1.1.5.6 Regression Results

The results of the regressions formulated above are displayed in Table 1.1.7. We
compute the standardized coefficients to understand the impact of a 1 unit move
in the independent variable on the dependent variable by multiplying the actual
ordinary least squares (OLS) regression coefficient by the standard deviation of
the independent variable and dividing the result by the standard deviation of the
dependent variable. All the t-statistics are adjusted for heteroskedasticity and
autocorrelation using Newey and West (1987) standard errors. In the context of
NFP, a 1-unit change is about 74,000 jobs. The first regression shows that indeed
Wall Street analysts’ predictions are significantly (at 0.001 level) related to the
final NFP number. The second regression shows that adding Overall employment
related searches improves the prediction by increasing the R sq. by 4% with both
Wall Street analysts and Overall employment related searches being statistically
significant. However, we can see that analysts have more impact (0.45 units or
33,000 jobs) on the Final NFP prediction vs. search data (-0.2 units or 14,500
jobs). The results in these and the following pairs of regressions are very similar
when comparing adjusted R. sq that accounts for the increase in the number of
predictors.

The third and fourth regressions show that when the noisy Initial NFP number
is released, the R sq. jumps from 24% to 68%, and interestingly while the Wall
Street analyst information is completely absorbed and not incrementally useful

25Granger analysis of Search Data vs. NFP. We have only 72 monthly data points which does
not have enough power for serious Granger tests. We used weekly search data that increases
the number of search data points, which while not ideal (since government data are not weekly),
did reveal some interesting patterns. Broadly, search data are useful in nowcasting or predicting
Final NFP, Initial NFP and Wall Street economists’ consensus but these data are not useful in
predicting the signals based on search. We also find that Wall Street economists’ consensus is
helpful in predicting the Initial NFP numbers but not the Final NFP Number. Interestingly, it
is the employment related searches in the second week of the month under consideration - which
typically happens to be the reference week for NFP- that has the most power. These second
week searches are helpful in predicting both the economists survey and the Final NFP numbers
but not the other way around.
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Table 1.1.7: Regressions to nowcast Final NFP numbers typically available 2 to
3 months after the relevant month the reference using various predictors. All
coefficients β(i) standardized as β(i)*sd(X(i)/sd(Y) to enable easy comparisons
across formulations. The time subscripts indicate when the data become available.
Final NFP is marked as Final NFPt+3 because the Final NFP data typically
become available 2 to 3 months after the reference montht and search data used
are from the same reference montht as are the Wall Street economists surveyt.
Note that previous lag of NFP is expressed at NFPt since it becomes available
earlier in the same month. Robust Newey-west t statistics that account for serial
correlation and heteroskedasticity are shown in parenthesis.

Nowcasting Final NFPt+3 Regressions

Initial
NFPt+1

Intial
NFPt

(lagged)

Overall
Employ-
ment
Searcht

Sector-
Specific
Searcht

Economists
Surveyt

Rsq N

0.45*** 0.20 73

(+4.63)

-0.20* 0.45*** 0.24 73

(-2.15) (+4.63)

0.81*** 0.01 0.66 73

(+9.47) (+0.1)

0.79*** -0.14* 0.02 0.68 73

(+9.74) (-2.05) (+0.19)

0.80*** -0.08 0.04 0.66 73

(+9.44) (-0.97) (0.45)

0.79*** -0.07 -0.14 0.05 0.69 73

(+9.69) (-1.11) (-2.38) (0.66)

0.78*** -0.22 0.05 0.71 73

(+9.55) (-3.89) (0.68)
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anymore, the search information is still relevant with only a marginal decrease in
magnitude from -0.20 to -0.14. Upon adding Overall employment search data, the
R sq. increasing by about 2%.

In the fifth and sixth regressions, we add the prior lags of NFP to account
for the trending nature of the macroeconomic data. We observe a similar pattern
of Wall Street analyst information being no longer useful after the initial NFP
number comes out but the Overall employment search data retaining its statisti-
cal significance (-2.38) and economic (-0.14 units) significance. Again, adding the
Overall employment search data increases the R sq. by 3% which suggests that
the information in search data is not fully captured by the previous macroeco-
nomic trends, Initial NFP numbers or Wall Street Analyst consensus, and hence
potentially different.

We also check the impact of focusing on the portions of employment web search
where government data are not as good by using the architecture and engineering
employment related searches and find that those are highly significant (-0.22 units)
with a t statistic of (-3.89) that is meaningful at the 1% level. Also, the R sq.
increases by 5% to 71% as compared to the previous model that uses only Wall
Street analysts, lagged macroeconomic trends and the noisy Initial NFP release.
This result suggests that web search for cyclical sectors such as architecture might
contain useful information for the entire economy not captured by the government.

1.1.5.7 Robustness

We perform an out of sample forecast of Final NFP by keeping 30% of the sample
as hold out and perform two separate next month forecasts - the first with the
Initial NFP release and Wall Street analyst consensus and the second by adding
Overall employment related search data to the first regression to check the impact
of web search data. We find that MSE decreases by 5.8% in the test sample and
a similar 3.8% in the holdout set. Interestingly, results improve out of sample
- with the MSE decreasing by 11.6% in sample and 21.2% out of sample when
we use Architecture and Engineering employment searches instead of the Overall
employment related searches in the model. Architecture and Engineering, (as
explained in the previous section), represents an urban-centric, cyclical, white-
collar service category to which search data appear better suited to estimating
than the BLS data. While some of the 21.2% decrease in the holdout MSE could
be attributed to a small sample size, the results encourage us towards doing more
research on curated sectors.

In alternate regressions not included here for space reasons, we formulate the
dependent variable directly as Revisions = Final NFP - Initial NFP and obtain
very similar results. The variable Revisions can be robustly predicted by the
Overall search variable after controlling for its own prior lags and Wall Street
expert consensus. We also perform regressions by using the median instead of the
mean and find similar and slightly better results potentially because medians are
more stable for noisier search data.
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Figure 1.1.20: Generic employment related web search information (right) remains
relevant after controlling for Initial NFP and Wall Street analysts’ information.
But Wall Street analyst information (left) that disappears after Initial NFP is
released. Curated web searches (in blue) for sectors (such as Architecture and
Engineering) with imbalance of information demand and supply are more predic-
tive than generic employment web searches.

Occasionally, using particular subsets of alternative data can potentially mis-
represent how powerful the overall data are. For instance, Altenburger and Ho
(2019) find that the reported results of Yelp reviews outperforming food safety
inspections fall apart upon comprehensive analysis. When the entire sample of
restaurants was used instead of ‘Extremely Imbalanced Sampling’ of restaurants
with no violations or very high violations and the problem changed from a clas-
sification into those extreme categories to that of score prediction for the entire
sample the results were far less impressive. To avoid such errors, this case study
already uses a regression setup that analyzes all NFP observations, not just the
ones at turning points. However, we obtain significant results with the overall
employment searches and not just with one of the sectors. While, sectors where
the information demand via search and supply via government surveys is the high-
est such as architecture yield more significant results, reassuringly our results are
similar across all sixteen categories.26

26Models based on these insights were put in production and the results for NFP improved MSE
by about 10% over 4 years which is broadly in line with the reported theoretical performance.
Another conceptual and methodological verification was to use similar models to predict other
volatile and crucial macroeconomic metrics such as retail sales for which the models outperformed
Wall Street analysts by about 20% on the downturns and by about 5% on the upturns.
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Figure 1.1.21: A MSE based comparison of various simple ML techniques used to
build an employment nowcast using the search NFP features in the case study.
Each vertical bar in the figure is the ratio of MSE in production to the MSE of
the model. The production or out of sample time period was about 24 months.

1.1.5.8 Machine Learning for NFP Revisions

Thus far, the analysis has tested the ex-ante hypotheses about orthogonal, more
accurate, and more timely information in the search-based features. We find that
NFP revisions do contain news or information that is released with up to three
months lag, and a powerful and intuitive relationship exists between employment
search and NFP that can help meaningfully improve data timeliness and accuracy.
We did not find a substantial age and geographic bias in the data, but the sector-
specific results suggest search data do measure tech-centric and white-collar firms
even better. How much of the difference comes from the under-reporting of sectors
such as architecture by the government data and how much from the urban and
technology bias of the alternative data will need more investigation.

Having verified the hypotheses, the next stage is to use various machine learn-
ing techniques that minimize MSE to effectively incorporate these search-based
features into an employment nowcast. Generally, multiple alternative data sources
are also combined at this stage. As figure 1.1.21 shows, for nowcasting NFP from
web search, we compared various machine learning techniques to the traditional
linear regression. Each vertical bar in the figure is the ratio of MSE in production
to the MSE of the model and hence a test of overfitting. The actual MSE also
follow the same pattern and act as a test of model fit. Random Forest, ridge and
lasso cluster together with the best performance of out of sample MSE being 130%
to 140 % of the in-sample model fit. SVM, partial least squares, decision trees,
boosting and linear regression had out of sample MSE that ranged from 220% to
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more than 400%. Adding cross-validation and stepwise variable selection improves
linear regression performance but for this particular case, it still could not out per-
form the best machine learning techniques. This finding of higher effectiveness
of random forest and elastic net as compared to the traditional linear regression
techniques are consistent with literature cited previously in the chapter, as well
as the broader machine learning field work such as Caruana and Niculescu-Mizil
(2006).

Search and most other social data like twitter and reddit have “spiky” dis-
tributions - meaning they do not obey normality and can have a non-zero skew
as well as high kurtosis. This can make asymptotic inference tricky and boot-
strapping and its many variants should be used to provide a more realistic idea of
the distribution. Relatedly, these data almost always have extreme observations
which one must decide whether to exclude (“clean”) or include and deal with as an
“influential point” - this is best done in close consultation with a domain expert
and can have a dramatic impact on the model. Ensembling or combining various
internally consistent models built on different philosophies that are naturally be
stronger in different parts of the parameter space is a useful common practice that
also increases robustness.

1.1.6 Conclusion and Discussion

This chapter presented three fundamental problems with the current macroeco-
nomic data - high dimensionality, a staggered release schedule, and poor data
quality. It provided an overview of nowcasting techniques that are used to ad-
dress the dimensionality and the staggered release schedule problems. Tradition-
ally, nowcasting techniques were based on dynamic factor models and state-space
frameworks, but more recently have started incorporating machine learning tech-
niques. The arrival of alternative or Big Data with the potential for addressing the
data quality problem has made macro nowcasting an exciting field. But alterna-
tive data availability is a double-edged sword - just as it promises to improve data
quality, it simultaneously worsens the dimensionality problem by dramatically in-
creasing the potential feature set. To address this problem, we discussed the need
for an ex-ante hypothesis to guide alternative data selection, provided some sam-
ple hypotheses for popular alternative data sources, and noted the typical data
quality dimensions such as improving the timeliness and increasing granularity,
where alternative data are having success.

The chapter culminated in a case study that utilized a novel dataset of 830 mil-
lion employment-related searches to nowcast NFP revisions three months ahead of
government data with statistical (t statistic of -2.4) and economic (-0.14 standard-
ized unit impact) significance - a result in contrast to prior literature. The case
study also established that NFP revisions contain relevant information or “news”
per the framework in Mankiw et al. (1984), and controlled for the information
content of Wall Street analyst expectations as well as prior lags of NFP. After
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verifying the improved data quality hypotheses about the increased timeliness
and accuracy dimensions, various machine learning models were fit to maximize
predictive power. Random forest and elastic net models performed best, gener-
ating only half the MSE of linear regression in both the in-sample model fit and
out-of-sample tests.

I suggest three related but distinct strands of development for the field - the
first an increase in the number and sophistication of statistical learning techniques
being used, the second dealing better with the more complex workflow for the
insight generation process involving the data engineer, data scientist and domain
expert, and the third an increased focus on privacy concerns and an increased
investment in security. The first - machine learning techniques - concern specialists
more, the more complex workflow concerns the entire firm, and the third - privacy
and security - concerns all of us.

The number of machine learning techniques is too vast to comment specifically,
but deep learning and other computationally intensive, feature-rich, and non-
linear techniques will find more success when applied towards “feature generation”
- say via NLP of accounting statementsor analysis of pictures and videos - where
the number of features (p) vs. the number of observations (N or T ) problem
is not primary. That said, broader use of machine learning methodologies has
great potential ranging from cross-validation for picking the optimal number of
parameters, building the next generation of non-linear regime-switching models,
or generating better economic activity clusters.

Moving from the concerns of the machine learning specialist to those of the
entire firm, the more complex workflow problem that now has to account for ev-
erything from data selection and purchase frameworks to technical aspects like
data pipelines and visualization is non-trivial in the organizational and technical
aspects. The different strengths and weaknesses of the players (Jain (2019); Kr-
ishnamachari (2017)) can create organizational challenges - for instance, a data
scientist may find it hard to write production-level code just as data engineers may
find it hard to clean the data without the scientist or the domain expert. Making
fast, relevant and efficient machine learning pipelines is a technical problem, but
the tremendous activity in open-source tools has been helpful.27

And finally, as a society - the emerging privacy and ethical concerns are a big
question for all of us.28 Acquisti et al. (2016) provide a good overview of the
economic value and the consequences of privacy and personal information. Kerry
et al. (2020) highlight the gap between existing laws and the data reality of today
where most people simply do not and cannot read the various privacy policies.
It is possible to “re-identify” individuals with incomplete datasets - for instance
Rocher et al. (2019) estimate that 99.98% of the individuals can be re-identified
with any dataset containing 15 demographic attributes, which is concerning and
might make one argue for very strict laws and rules against data collection. On

27Krishnamachari (2017) provides an overview of the industry-standard open-source tools use-
ful for asset management.

28Nature magazine penned an editorial about it in July 2019
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the other hand the COVID-19 pandemic showed us that having some aggregate
information, for instance at the zip code level 29 could be helpful for policymakers
and society. Finding the right balance where we violate the least privacy and
provide the most social benefit is our task as citizens. 30
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