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ABSTRACT

This paper looks to forecast GDP growth, CPI change and 10-Year Treasury note interest
rates through a consensus forecasting model. The consensus model takes into account 50-60
forecasts available from the Blue Chip Economic Indicators survey. The model differs from
mainstream forecasts in that it assigns probabilities for each economic outcome, and supplements
this with a broad 99% confidence interval. Ultimately the model performs best for current year
CPI change and GDP growth to a lesser degree. The model struggles to provide precise and
accurate forecasts for the long-term GDP, CPI and interest rate forecasts.
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Chapter 1
Introduction
“The only function of economic forecasting is to make astrology look respectable.”
-John Kenneth Galbraith, Economist

From early civilization to modern day, a premium has always been placed on predicting
the future. This is particularly true in economics, where economic movements can have huge
financial implications. Despite the relative importance of the topic, economists have been
woefully inept at forecasting future economic events. From unexpected recessions to sudden
inflation, the economic future has always been murky. However, the limited success has not
stopped economic forecasters from continuing to hone their craft. A recent forecasting technique
that has gained popularity is the consensus forecast. Consensus forecasts utilize many other
forecasts and combine them to create an optimal prediction.
This paper looks to test a consensus forecasting model for predicting GDP growth,
Consumer Price Index (CPI) change, and 10-Year Treasury rates across short and long-term
horizons. The model uses the forecasts from fifty to sixty different forecasters per period and
assigns probabilities to economic outcomes while supplementing these probabilities with a broad
99% confidence interval. This technique differs from most forecasting models, in that generally
forecasts are composed of a point estimate for what the economic indicator will be. My model
offers a more complete economic picture by assigning a probability to each economic outcome,
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and also giving a range for where the outcome is likely to fall. The model will attempt to predict
GDP growth, CPI change, and average 10-year treasury rates for the years 2012, 2013, and 2014.
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Chapter 2

Literature Review
Economic forecasting as an academic field has grown rapidly over the past few decades,
as an impetus to predict macroeconomic variables and increases in computing power have led to
the field to gain popularity. One subfield of economic forecasting that has garnered attention is
consensus forecasting, or the combination of multiple forecasts to create a composite forecast. A
consensus forecast can be created through a number of techniques, and these methods will be
explored within this literature review. A lesser-known style of economic forecasting is
probabilistic forecasting. A probabilistic forecast provides a range of possible outcomes, and the
associated probability of each outcome occurring. Probabilistic forecasts have yet to fully take
hold in economic forecasting, and thus I will review a few of the current applications of this
forecasting method. While most of the described forecasting methods have been created to
forecast Gross Domestic Product (GDP), my work looks to expand to forecast inflation and
interest rates. Thus, I will explore a few models intended to forecast these other economic
variables before finishing with a review of the statistical assumptions and techniques useful for
creating probabilistic forecasts.
With so many different models and theories of the best way to formulate an economic
forecast, it is no wonder that consensus forecasts soon took hold in forecasting circles. The idea
behind a consensus forecast is simple, rather than rely on one method or one forecaster,
combining the forecasts of many forecasters can provide a more accurate outlook. Wolpert
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(1969) writes one of the earliest defenses of consensus forecasting in a rebuke of a recent
econometric model. Wolpert compares the accuracy of a recent econometric model created by
economists at the University of Pennsylvania with consensus forecasts reported in
PREDICASTS. Wolpert shows that the consensus forecasts have a much smaller forecast error,
and have improved in quality over the years.
While consensus forecasts have undoubtedly proved their worth as forecasting
techniques, there is much debate as to the best method for combining the given forecasts.
Clemen and Winkler (1986) explore a number of different ways to combine four econometric
models that are forecasting GNP. The authors find that three methods perform better than the
rest, and one of these is a mere simple average. The authors explain that giving equal weights to
the forecasts is a justifiable action, as long as the forecasters are generally “in the same league.”
The authors conclude that the strong performance of the simple average “should be of comfort to
decision makers who regularly combine individual econometric forecasts by simple averaging.”
Clemen and Winkler are just the first of an overwhelming majority who find that the simple
average often performs the best when compared to more complicated models of combination.
Holden and Peel (1988) come to a similar conclusion when examining consensus
forecasts of the UK economy for both growth and inflation. Holden and Peel examined forecasts
from six different economic modeling organizations and found that if the forecasts are to be
combined in a manner more intricate than the simple average, then regression should be used.
Holden and Peel note that the optimal linear combination should be obtained by regression where
the dependent variable is the actual outcome, and the individual forecasts are independent
variables. While Holden and Peel note that the regression method performs reasonably well, they
admit that it is always “inferior to the simple mean of the forecasts.” Thus, while Holden and
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Peel’s regression technique is an interesting addition to consensus forecasting literature, they
conclude that the simple mean ultimately performs best.
The advantages of using a simple average to combine forecasts are echoed by Palm and
Zellner (1992) in their paper exploring the issues of combining forecasts. Palm and Zellner
conclude that the simple average has three advantages to models that use weights. The first
advantage Palm and Zellner explore is the fact that in a simple average the weights are known
and do not have to be estimated, and that this can be helpful if there is little information on
individual forecast historical performance. Palm and Zellner also find that the simple average is
often most effective to reduce variance and forecast bias, since it averages out the bias of each of
the individual forecasts. Lastly, the authors note that often a simple average consensus model has
a much smaller mean squared error (MSE) than forecasts based on optimal weighting. Overall,
Palm and Zellner present a compelling argument in favor of a consensus model that utilizes a
simple average.
Finally, Clemen (1989) produces a fantastic review of the consensus forecasting
environment of the time, and examines much of the literature to date. Clemen reviews many
different papers and often finds that the simple average performs best. Reiterating many of the
authors above, Clemen finds that the simple average regularly produces a robust forecast, and
this could be an important topic for future research.
Finally, McNees (1992) adds an interesting perspective in his paper titled, “The Uses and
Abuses of ‘Consensus’ Forecasts.” McNees makes the interesting point that for a given
economic variable, roughly one third of forecasters part of the “consensus” outperformed the
consensus. This is a valuable point to consider, although the author follows it up by explaining
that forecaster performance varies greatly across economic variables. Thus, when forecasting
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multiple economic variables, one cannot trust one forecaster to consistently outperform the rest.
Finally, McNees makes a critical point with regards to consensus forecasting and point
estimation. McNees explains that “actual macroeconomic outcomes often fall outside the entire
distribution of point estimates.” Thus, while consensus forecasts are useful in capturing the
overall sentiment of a group of forecasters, the forecast can still fail if the realized economic
outcome is not considered by the “consensus.”
While consensus forecasts have become increasingly popular for economic predictions,
probabilistic estimates are much less utilized. Probabilistic estimates have been common in
weather forecasts and political forecasts for some time, although the practice has yet to take hold
when forecasting economic variables. The premise of a probabilistic forecast is simple, rather
than giving a point estimate (one single outcome), a probabilistic estimate gives a range of
outcomes with an associated probability for each outcome. Probabilistic estimates make for a
more complete and accurate picture when forecasting an event.
Probabilistic forecasts have become very popular in political forecasting, and this is in
part to the work of statistician and forecaster Nate Silver. Silver has written on forecasting all
types of events— including economics, politics, sports, and the weather. He explores all of these
issues in his book, The Signal and the Noise (2012). Silver introduces the concept of a
probabilistic forecast early on in his book, stating, “Almost all the forecasts that I publish, in
politics and other fields, are probabilistic” (Silver, 2012). Silver explains the value of
probabilistic forecasts through a political example in which one candidate is ahead in most of the
polls. It would be easy to examine the polls, see that the candidate is winning, and conclude that
he or she is the favorite. However, this judgment lacks precision—yes we know that the
candidate is the favorite, but by how much? If the candidate is ahead in the polls, can we expect
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he or she to win 51% of the time or 99% of the time? These differences make it easy to see why
probabilistic estimates are so much more useful than a simple point estimate, and Silver does a
fantastic job explaining this.
Silver concludes this portion of his book with two other interesting observations on
forecasting. Silver notes that a good forecaster continually adapts and changes his forecast to
new information. Finally, Silver echoes the sentiment of the above authors in noting that often
the consensus is more accurate than individual forecasts. Silver explains that depending on what
is being forecasted, the consensus forecast can be 15-20% more accurate than an individual
forecast.
Bunn and Mustafaoglu (1978) describe another application of probabilistic forecasts to
political events. The authors make use of a panel of experts to calculate the probability of various
political risks an oil company would face when investing in a developing country. For example,
the authors are able to create a probability density function to show the probability of an event
like adverse tax changes occurring. The probability density function looks like a histogram, with
the high point near 0.5. Then, by stacking another probability density function for a different
year, Bunn and Mustafaoglu can show the change in probability of adverse taxes occurring.
While this application to politics is not directly relatable to a probabilistic economic forecast, it
shows the power and completeness that probabilistic forecasts can provide.
Clemen and Winkler (1999) provide useful insight into probabilistic estimates on the
topic of risk analysis. This paper is additionally relevant for my purposes, as it also contains
elements of a consensus forecast. Clemen and Winkler are hoping to model “uncertainty
represented in terms of probability distributions in probabilistic risk analysis.” Essentially
Clemen and Winkler are taking a group of experts and having them submit a probability
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distribution for a particular event occurring. Clemen and Winkler then study the best way to
combine each expert’s probability distribution. The authors introduce two different types of
combination methods—mathematical and behavioral. The mathematical methods are processes
that combine or act upon the individual probability distributions to create a composite
distribution. On the other hand, the behavioral combination methods intend to get the experts to
interact and come to an agreement as to the ideal probability distribution. Clemen and Winkler
ultimately find that the best aggregation method is a mathematical method that simply takes the
average of the expert’s probability distributions. This is consistent with much of the research
found above.
Another interesting application of probabilistic forecasts is found in a paper written by
Husak, Michaelsen, Kyriakidis, Verdin, Funk, and Galu (2011). The authors examine a model
that provides probabilistic estimates of rainfall in Africa. The authors explain that providing a
complete estimate of rainfall in the often water scarce region can provide a huge help for nongovernmental organizations and decision makers hoping to assist citizens. A probabilistic
forecast that can show the “likelihood of a particular amount of rainfall being exceeded” is
extremely useful. To create this forecasting model, the authors use “Monte Carlo simulation for
adjusting climatologic statistical parameters to match forecast information.” The resulting
parameters define the probability of events for a forecast interval. While they are not forecasting
economic variables, the authors show that probabilistic forecasts are extremely useful, and that
they can be created through Monte Carlo simulation.
Gneiting and Katzfuss (2014) provide a comprehensive overview of probabilistic
forecasting, and describe an application of it to weather forecasting. The authors begin by
describing the recent shift from point estimates to probabilistic forecasts in a wide range of
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disciplines— from politics to weather to economics to risk management. The authors go through
an example of “probabilistic forecasts of wind speed at the Stateline wind energy center in the
US Pacific Northwest.” While this is not economics, the authors do bring up two important
points that are relevant for all applications of probabilistic forecasts. The authors introduce the
concepts of sharpness and calibration. Sharpness refers to how concentrated a given probability
distribution is, while calibration refers to how compatible the forecasts and realized values are. A
good forecast maximizes both. The above literature shows probabilistic forecasts are utilized in
many disciplines and provide a more accurate assessment than point estimates.
Finally, it is useful to explore some of the literature that provides the crucial assumptions
for my model. Brenton (2014) effectively explains the makeup of a normal distribution, and what
information we can glean from this. Brenton explains that a Gaussian or normal distribution is
characterized by three simple parameters: the mean, the standard deviation, and the area. The
first two are self-explanatory, with Brenton going into more detail on the area, “for a pdf, this is
1 but otherwise may depend on the measurement scale (intensity) and number of samples.” The
area is essentially the entire sample we are examining.
Brenton goes on to explain the power of knowing if a sample is normally distributed.
Brenton works with an example involving the heights of males in the United Kingdom. The
author explains that by knowing the mean and standard deviation of this sample, he can predict
what portion of the sample corresponds to a given range of measurements. Thus, if a sample is
normally distributed, we can find the probability of any possible outcome occurring. This
characteristic will prove extremely useful for economic forecasting.
The above literature contains the fundamental concepts critical for this thesis. Consensus
forecasting has become a popular technique, and an overwhelming majority find that the simple
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average produces the most accurate forecast. While less known in the field of economics,
probabilistic forecasting has taken hold in politics and weather. The papers explored in this
literature review detail how a probabilistic forecast is able to provide a more complete picture
than simply a point estimate. Finally, a short review of the normal distribution familiarizes the
reader with a key component to my research. Now that the relevant literature has been
sufficiently reviewed, we can move on to the methodology portion of the thesis.
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Chapter 3
Methodology
This section will explain the research question I want to explore, and the data I use to
solve this problem. Additionally, I explain the statistical techniques I engaged in, and why I
thought them appropriate for the task at hand.
Consensus forecasting differs from other types of forecasts in that a consensus forecast,
by definition, requires other forecasts for its final product. The reliance on other forecasts makes
finding large amounts of historical data for a consensus forecast particularly difficult. Firms that
work to forecast the economy are generally happy to share when their assessment is right, and
tend to hide their forecasts when they are wrong. Since firms only want to share when they are
correct, it is exceedingly difficult to build a dataset for consensus forecasts from scratch. While
creating a dataset on my own seemed to be near impossible, I soon found an alternative.
Through a subscription that my thesis advisor generously purchased, I was able to gain
access to the Blue Chip Economic Indicators monthly survey, published by Blue Chip
Publications. The Blue Chip Economic Indicators monthly survey (Blue Chip) provides a
monthly report on a multitude of economic indicators. Blue Chip surveys between fifty and sixty
forecasting firms each month, on issues ranging from current year GDP growth to next year’s
average interest rates. The monthly survey includes any relevant economic variable, and
forecasts the indicator for the current year as well as the following year. The forecasters that are
polled over the months vary slightly, but they are all reputable and well know forecasters and
financial institutions. Some of the regular forecasters that are polled include: Goldman Sachs,
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Russell Investments, UCLA Business Forecasting, Ford Motor Company, and Barclays Capital.
With such a large and diverse group of forecasters from which to create my consensus forecast, I
decided that the Blue Chip Economic Indicators monthly survey would be a perfect source from
which to draw my data. The Blue Chip subscription gave me access from 2012 to present, and so
the data I am working with are in monthly increments from February 2012 to March 2015.
Ultimately I decided to forecast five economic variables: GDP growth from year n as
compared to year n-1, GDP growth from year n+1 as compared to year n, Consumer Price Index
(CPI) change from year n as compared to year n-1, CPI change year n+1 as compared to year n,
and the average interest rate for year n+1 of a 10-year Treasury Note. All of these variables are
found within each edition of the Blue Chip Publication, therefore giving me roughly 50-60
observations per month for each economic indicator.
GDP growth for year n and n+1 were obvious choices for inclusion, as GDP growth is the
best measure of the economy’s health. I also chose to include the Consumer Price Index for year
n and n+1, as inflation is a crucial factor when measuring the economy. Along with GDP growth
and inflation, I felt the next most important indicator to examine was interest rates. Including the
average rate for the 10-Year Treasury Note for year n+1 will allow my forecast to provide a pulse
on future long-term interest rates. These long-term rates are always watched closely, and have an
important effect on mortgages and other borrowing activity.
I chose to forecast GDP growth and CPI change in two different ways. In those years
when I am forecasting the economic change in year n from year n-1, I created forecasts for
February, June, and November. Since the number I am attempting to forecast will be known at
the conclusion of year n, I will have three forecasts throughout the year attempting to pin down
this number. I chose February for the beginning of the year forecast since I do not have data for
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January 2012, June for the middle of the year forecast, and November for the end of year
forecast (by December there is almost too much certainty for the forecasts to be meaningful).
These three forecasts can be thought of as “short-term” forecasts, since they are being released in
the year in which we are attempting to forecast GDP or CPI change.
I modeled the GDP growth and CPI change forecasts in a different way when attempting
to forecast economic change in year n+1 as compared to year n. I decided to make these truly
“long-term” forecasts, and thus I created a forecast in February of year n, in which I was
attempting to forecast GDP growth or CPI change in year n+1 as compared to year n. Thus, these
forecasts are made nearly two years in advance of when the actual outcome will be known and
can be considered “long-term”.
Finally, I used a mix of the above methods to forecast year n+1’s average 10-Year
Treasury Rates. For this, I created forecasts in both February and December of year n, as I am
attempting to forecast average rates for year n+1. By providing both a beginning of the year
estimate and end of year estimate in year n, a “long-term” and “short-term” picture is painted.
After creating and analyzing the above forecasts, I conclude the paper with a forecast
using data from the March 2015 Blue Chip Publication. By doing this, I hope to create an
accurate forecast for GDP and CPI change in 2015 as compared to 2014.
After deciding on a dataset and the economic variables to forecast, my next step was to
decide how I wanted my consensus forecast to work. While the Blue Chip publication was useful
in that it gave me 50-60 forecasts per month, it was limited in that I only had three years of data
to compare the forecasts with. So while the dataset contains close to 660 forecasts for GDP
growth in 2012, GDP growth in 2012 is a single number (2.3% to be exact). Thus, I was left with
only three years of GDP/CPI growth from which to compare the forecasts. Since I am also
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forecasting the following year with GDP, CPI and now the Treasury Bill, this leaves me with
only two years of data to examine the forward looking forecasts.
While there are many ways to create a consensus forecast, I would not be doing one in
which I compared historical accuracy and optimized weights for a future forecast. There are
simply not enough years to examine the data in this manner. Instead, I chose to modify a current
consensus forecast, and instead focus on the relative certainty of the prediction. For instance, a
lot of literature suggests that the simple average of a group of forecasters is the most accurate
way to predict an outcome (Holden, 1988). With this in mind, it would seem foolish to try and
re-invent the wheel when I only have three true data points to begin with. Focusing on the
certainty of the forecast would instead allow for a more honest prediction of the economic
indicator.
In the news and in the Blue Chip publications, forecasts are usually composed of a single
number. An article may read, “GDP expected to rise by 3.2% in 2012.” However, this seems
shallow, as the forecaster would most certainly agree that there is at least some chance that GDP
will rise by 3.1% or even 3.3%. A forecast that is a single number is not comprehensive, as it
does not reflect the certainty (or uncertainty) associated with it. In contrast, this is the strength of
my consensus forecasting model. With 50-60 individual forecasts, I can find a mean and standard
deviation for each month of my consensus forecast. The mean value is crucial to my consensus
forecast, as this is likely the number closest to the outcome we are attempting to forecast. The
standard deviation is equally important to consider, as it shows the relative certainty or
uncertainty of the forecasters. A large standard deviation means that the forecasts were all over
the board, and that predictions differed a lot. On the other hand, a small standard deviation would
indicate that the forecasters generally agreed, and were focused on just a few outcomes.
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A good technique to find the probabilities associated with an economic outcome is
through Monte Carlo simulation. Monte Carlo is a broad term used to describe a simulation
technique that can be applied in economics, finance and many other academic fields. Monte
Carlo simulation is “a technique used to understand the impact of risk and uncertainty”
(Riskamp). Rather than concluding with a single estimate for a forecast, a Monte Carlo
simulation would allow one to create a range of scenario outcomes, with a probability associated
with each outcome. The probabilities can be generated using the mean and standard deviation of
a distribution, to simulate the distribution thousands of times. Since the simulated distribution
reflects the mean and standard deviation of the parameter at hand, we can say that the probability
of a particular outcome happening is the amount of times it occurred when simulated, divided by
the total number of simulations. I should note that this process mirrors that of the standard
normal distribution where the Z table is utilized. I chose to use STATA to create simulations
instead, as the software allowed me to process more data over a shorter amount of time. While
using the Z table would have given me the same results, the process would have been much less
efficient.
For each month, the 50-60 Blue Chip forecasts seemed to be mostly normally distributed
and thus a Monte Carlo simulation would accurately reflect the probability of any one economic
outcome occurring. A quick graphical examination of the histograms seemed to validate this
notion. However, to further check the normality of each month’s set of forecasts, I employed
STATA’s Skewness/Kurtosis Test for Normality (SK Test). Essentially the test examines a
month’s worth of forecasts and decides whether to reject or accept the null hypothesis that the
data is normally distributed. The test looks at the data’s skewness or the asymmetry of the
probability distribution of the random variable. The other component the test judges is kurtosis,
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which is the sharpness of the peak of the bell curve. The SK test then combines its score for both
of these measures and reports the p-value for the data.
The SK test raised one issue in that I found 7 of the 26 months of forecasts did not pass
the SK test at the 1% level. I explored a few alternative methods to fix this problem, although
none found a definite solution. In particular, for the months that did not pass the SK test, I
created 500 bootstrapped samples from the original sample. My goal here was to at least be able
to find a true mean and create a confidence interval from the bootstrapped samples. However, I
found that this method drove out any sort of variability in the intervals. As a result, the
confidence intervals were not informative. Realizing that this was not the sort of multiple
scenario forecast I was aiming for, I decided to not move forward with the bootstraps. Instead, I
applied the same simulations methods and created 99% confidence intervals for all of the
months—regardless of whether they passed the SK test. While this is clearly a limitation, I
decided that it was the best way to create forecasts for those months that do not pass the SK test.
Ultimately my results provide a clearer analysis of the implications of this decision.
Returning back to the forecasting process, a short explanation can clarify how exactly I
created probability distributions for the economic forecasts. For example, in February 2012 fiftysix different forecasters submitted their prediction for the percent change in GDP for the year
2012 as compared to 2011. Of these forecasts, the average was a positive GDP growth of 2.2%,
with a standard deviation of 0.2776. With its normal distribution, we can assume that roughly
68% of the forecasts will fall between 2.0% and 2.5% growth, and 98% of forecasts will fall
between 1.7% and 2.8%.
With February’s distribution of forecasts now known, I moved on to the Monte Carlo
portion of the exercise. Using the statistical software STATA, I simulated the above distribution
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100,000 times, in order to get 100,000 random outcomes that fell within the above distribution.
From here, it was easy to see how many times each GDP growth outcome occurred, and thus the
percent chance it had of actually happening.
The above procedure is useful in multiple senses. Not only does it give the probability of
an event occurring, but it also allows for one to read for shifts in the economic environment.
While the mean forecast may move a little from month to month, the Monte Carlo method allows
for one to see whether there is a possibility for a certain amount of growth to be reached, or if
there is a chance growth is negative. Additionally, the Monte Carlo method proves especially
useful when forecasting current year GDP/CPI change as compared to the previous year. This is
because as the year proceeds, the forecasters become more and more certain as to what the
annual change in GDP or CPI will be. As a result, the standard deviation will continue to
diminish, and the last few months will be focused on a small group of possible outcomes. As a
caveat, if the standard deviation happens to increase as time goes on, we can view this as an
increase in uncertainty and act accordingly.
In addition to using STATA to formulate the probability of an outcome occurring, I
created a simple 99% confidence interval using the mean and standard deviation. This is meant
as a supplement to the individual outcome probabilities. Following assumptions of the normal
distribution, the confidence interval was created through the following equation,
μ ± (2.575 * σ )
where μ is the mean of the month’s set of forecasts, and σ is the standard deviation. By adding
and subtracting this number from the average, we find the upper and lower bounds of the 99%
confidence interval. Providing both the probability distribution and a confidence interval is
useful in multiple senses. While the confidence interval offers a quick glance of where the
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economic variable is likely to land, the probability distribution allows for an in depth view of all
of the possible outcomes. Providing both broad and precise estimates is a strength of the
economic forecast.
My original work hinged on the fact that all too often forecasts are just one number, and
do not offer the probability associated with the forecast number. In order to provide a probability
with the various economic outcomes, I utilized the mean and standard deviation of all of the
forecasts in a given month to generate a simulated distribution. With this new distribution
created via Monte Carlo simulation, I am then able to associate a probability with any given
economic outcome. Finally, I utilized a 99% confidence interval to provide a broader forecast of
the economic variable. Through analysis of both the probabilistic forecasts and the 99%
confidence intervals, one can get a complete picture of the economic environment. My
probability driven model encompasses the best of what the industry’s forecasters have to offer,
and then paints a clearer picture as to the chances of what may occur.
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Chapter 4
Results
After careful consideration of the forecast methodology, we can now move on to the
forecast results. This section will begin by examining the forecast results for year n GDP growth
from year n-1, for the years 2012, 2013, and 2014. Then I will move into the longer term GDP
forecast, examining GDP growth for year n+1 from year n for the years 2012 and 2013. Then I
will advance to the CPI forecasts—beginning with the current year forecast and then moving to
the longer-term CPI forecast. Finally, I will examine the forecasts for the year n+1’s 10-Year
Treasury rates for 2012 and 2013. I will then conclude the results section by offering a forecast
using the most recent Blue Chip data available.
The economic forecasts will be judged in two different ways. First I will examine the
confidence intervals to see if the observed value fell within them. Then I will compare the
probabilistic forecasts with what the economic indicator ended up as. Finally, if the economic
indicator did not fall within the confidence interval, I will compute how many standard
deviations the confidence interval missed by. If the economic indicator was within the
confidence interval, this number would be zero. These accuracy judgments can be found in the
tables in Appendix D.

Current Year GDP Growth
For the year of 2012, Real GDP grew at a rate of 2.3% compared to GDP growth in 2011
(US. Bureau of Economic Analysis, Real Gross Domestic Product). The following table lists the
99% confidence intervals for each month’s GDP growth forecast in 2012.
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Figure 1: Current Year GDP Growth 2012

In the above chart, the blue bars represent the width of the confidence intervals, while μ
represents the forecasts mean value, and the open circle is the actual economic outcome. The
above chart indicates that the consensus forecast functioned fairly well for GDP Growth in 2012.
While the confidence interval shrunk considerably as the year progressed, 2.3% growth always
remained within it. For both February and November the mean forecast values were just one off
of the actual outcome, while in June it was only two off.
We can gain more insight into the forecast by delving deeper and examining the
probabilistic forecasts. The following chart examines the probabilistic forecasts that were created
used Monte Carlo simulation.
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Table 1: Current Year GDP Growth Probabilities (2012)

Current Year GDP Growth (2012)
Most Probable Outcome

Probability of 2.3% Growth

(Probability)

(Rank among all outcomes)

February

2.2% Growth (14.2%)

14% (2nd highest)

June

2.1% Growth (26.7%)

15% (4th highest)

November

2.2% Growth (49.2%)

7.1% (3rd highest)

Month

The above table paints a less successful picture of the consensus forecast. While the
outcome of 2.3% growth remained in the confidence interval throughout, it was never the most
probable outcome according to the probabilistic estimates. The forecast bounced between 2.12.2% growth as most likely, but never listed 2.3% growth higher than 2nd. On the plus side, 2.3%
growth never fell further than fourth most likely, meaning that throughout the year the forecast
was close to the actual economic outcome.
Moving on the 2013, GDP grew by 2.2% as compared to 2012 (US. Bureau of Economic
Analysis, Real Gross Domestic Product). Similar to the above, we can examine the effectiveness
of the consensus forecast by first looking at the monthly confidence intervals.

Figure 2: Current Year GDP Growth 2013
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Same as the graph for 2012, the blue bars represent the confidence interval, while mu
represents the forecast mean, and the open circle shows the 2.2% growth that actually occurred.
A quick glance shows that the forecast was much less successful in 2013 than it was in 2012.
While the confidence intervals for February and June contain the actual outcome, both of these
months have average forecast values three values away from 2.2%. Finally, the November
forecast misses completely, as the confidence interval’s upper bound is four values away from
the actual growth outcome.
The probabilistic values do not fare any better, as the chart below explains in more detail.

Table 2: Current Year GDP Growth Probabilities (2013)

Current Year GDP Growth (2013)
Most Probable Outcome

Probability of 2.2% Growth

(Probability)

(Rank among all outcomes)

February

1.9% Growth (12.3%)

8.1% (6th highest)

June

1.9% Growth (23.9%)

6.7% (6th highest)

November

1.7% Growth (56.5%)

0% (Tied for Lowest)

Month

Clearly the forecast in 2013 was a failure, as the actual growth outcome was assigned a
probability of zero occurring in the month of November. With mean forecast values never
topping 1.9% growth, the forecasts for 2013 severely undershot the actual outcome of 2.2%
growth. These shortcomings will be examined in greater detail in the Discussion section of this
thesis.
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Finally, in 2014 GDP grew by 2.4% as compared to growth in 2013 (US. Bureau of
Economic Analysis, Real Gross Domestic Product). Below are the confidence intervals for
February, June, and November.

Figure 3: Current Year GDP Growth 2014

The above chart shows that while 2014 may have bested the 2013 forecast, it certainly
did not perform better than 2012. The initial forecast in February proved to contain the ultimate
growth outcome of 2.4%, but also featured an average forecast value 0.5% away from the
observed value. June and November proved to be more accurate, as the confidence interval
shrank, and the average forecasts were just 0.2% away from 2.4% growth. The probabilistic
estimates exemplify the 2014 forecast’s mixed success.
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Table 3: Current Year GDP Growth Probabilities (2014)

Current Year GDP Growth (2014)
Most Probable Outcome

Probability of 2.4% Growth

(Probability)

(Rank among all outcomes)

February

2.9% Growth (17.1%)

2.3% (10th highest)

June

2.2% Growth (21.9%)

12.2% (4th highest)

November

2.2% Growth (61%)

0.8% (4th highest)

Month

While GDP growth of 2.4% was always contained within the confidence region, the
probabilistic estimates show that the forecast is not as accurate as one may think. The observed
outcome of 2.4% growth was never given more than a 12.2% chance of occurring. Additionally,
even though 2.4% growth was the fourth most likely outcome in the November forecast, it was
given a mere 0.8% chance of occurring. These shortcomings will be examined in the following
discussion section.

Future Year GDP Growth
Moving from the short-term GDP growth forecasts, I will now examine the future year
GDP growth forecasts for both 2012 and 2013. These forecasts are made in year n for year n+1
and since they are created in February of year n, they are nearly two years forward looking.
Thus, in 2013 GDP grew 2.2% as compared to growth in 2012 (US. Bureau of Economic
Analysis, Real Gross Domestic Product). The following table lists the forecasted 99%
confidence interval that was created from the February of 2012 data to forecast growth in 2013.
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Table 4: Future Year GDP Growth Confidence Interval (2012)

Future Year GDP Growth (2012 forecasting for 2013)
Month

Confidence Interval

Forecast Mean

Observed Value

February

1.4-3.8%

2.6% Growth

2.2% Growth

The above table highlights the issues with forecasting so far in advance—while the
observed value does fall within the confidence region, the confidence region spans 2.4%. The
wide confidence region of forward looking forecasts is another item that will be explored within
the discussion section. Despite the large confidence interval, the forecast does fairly well, as the
observed value is only 0.4% from the forecasted mean. The probabilistic estimates expose the
forecast and its large confidence regions even more.

Table 5: Future Year GDP Growth Probabilities (2012)

Future Year GDP Growth (2012 Forecasting 2013 Growth)
Most Probable Outcome

Probability of 2.2% Growth

(Probability)

(Rank among all outcomes)

2.7% Growth (8.6%)

5.6% (9th highest)

Month

February

The chart above shows that while the 99% confidence interval contains the observed
growth value, the 2012 forecast leaves much to be desired. The forecast gives the observed value
of 2.2% growth a mere 5.6% chance of occurring, which is barely in the top ten of estimates.
Furthermore, with the most probable outcome having just 8.6% chance of occurring, the forecast
is ultimately too diverse to be informative. While the confidence interval does contain the
observed value, the forecast suffers from a distribution that is too widespread to be useful.
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The following year’s forecast suffered similar issues, as GDP in 2014 rose 2.4% (US.
Bureau of Economic Analysis, Real Gross Domestic Product). The following table lists the
forecasted 99% confidence interval that was created from February 2013 data to forecast GDP
growth in 2014.
Table 6: Future Year GDP Growth Confidence Interval (2013)

Future Year GDP Growth (2013 forecasting for 2014)
Month

Confidence Interval

Forecast Mean

Observed Value

February

1.8-3.7%

2.8% Growth

2.4% Growth

Once again the confidence interval is exceedingly large, however it does contain the
observed value of 2.4% growth. The forecast mean of 2.8% is fairly close to the observed value,
as it is just 0.4% away. On the other hand, the probabilistic forecasts show the main limitation
with attempting to predict an outcome so far off—large intervals reduce the information one can
gain from the forecast. Below is a table highlighting the probabilistic portion of the forecast.
Table 7: Future Year GDP Growth Probabilities (2013)

Future Year GDP Growth (2013 Forecasting 2014 Growth)
Most Probable Outcome

Probability of 2.4% Growth

(Probability)

(Rank among all outcomes)

2.8% Growth (10.5%)

6.7% (8th highest)

Month

February

As the above table shows, the most probable outcome had a mere 10.5% chance of
occurring, meaning that the forecast spread probability out among many different outcomes. In
addition to this reducing the informative value of the forecast, the observed outcome had just a
6.7% chance of occurring. In sum, the two forecasts mentioned above show that it is extremely
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tough to forecast two years in the future. While the observed outcome may fit within the
confidence interval, the forecast suffers in that it assigns a little probability to many outcomes
and thus is not very informative.

Current Year CPI Change
Transitioning from GDP growth, I will now examine the Consumer Price Index (CPI)
forecasts. These forecasts can be considered of the “short-term” variety, as I am predicting CPI
change in year n from year n-1. Thus, in 2012 we saw the CPI grow 2.1% as compared to 2011
(US. Bureau of Labor Statistics, Consumer Price Index for All Urban Consumers). The
following table illustrates the CPI forecasts made in February, June, and November for the year
of 2012.

Figure 4: Current Year CPI Change 2012

The above graph is similar to the graphs for GDP growth, as the blue bars represent the
99% confidence interval, while mu is the average forecast value and the open circle is the
observed CPI change. The CPI forecast for 2012 proves to be the most successful we have seen
yet, as the observed value of 2.1% change is always in the 99% confidence interval, and in
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February and November the mean forecast value is 2.1%. The probabilistic values shed more
insight on the success of this forecast.
Table 8: Current Year CPI Change Probabilities (2012)

Current Year CPI Change (2012)
Most Probable Outcome

Probability of 2.1% Change

(Probability)

(Rank among all outcomes)

February

2.1% Change (11.8%)

11.8% (highest)

June

2.2% Change (17.8%)

15.7% (3rd highest)

November

2.1% Change (51.6%)

51.6% (highest)

Month

Throughout the three forecasts, 2.1% CPI change always ranked in the top 3 most
probable outcomes, and was given the highest probability of occurring in February and
November. Highlighting the success of the 2012 CPI forecast is the fact that in November the
next most probable CPI outcome (2% change) was given a probability of 22.5%. The forecast
strongly supported the idea that CPI change would be 2.1%, and thus this forecast can be
considered a success.
Moving to the next year, CPI rose 1.5% in 2013 compared to 2012 (US. Bureau of Labor
Statistics, Consumer Price Index for All Urban Consumers). The chart below shows the 2013
CPI forecasts for February, June, and November.

Figure 5: Current Year CPI Change 2013
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The forecasts from February to November improve markedly. While the February
forecast had a large confidence interval and a mean 0.4% from the observed value, by the end of
the year the forecast was able to predict the correct CPI change. Gaining accuracy as the year
progresses is what we should expect from these sort of forecasts, as this shows that the forecast is
taking into account new information that is released throughout the year. The probabilistic
forecasts show in greater detail the improvements from February to November.
Table 9: Current Year CPI Change Probabilities (2013)

Current Year CPI Change (2013)
Most Probable Outcome

Probability of 1.5% Change

(Probability)

(Rank among all outcomes)

February

1.9% Change (11.5%)

6.6% (8th highest)

June

1.6% Change (17.2%)

16.2% (2nd highest)

November

1.5% Change (49.8%)

49.8% (highest)

Month

The table above shows from a probability standpoint that the forecast improved greatly
from February to November. The observed value of 1.5% growth began as just the 8th most
probable outcome, but soon jumped to second and then first in June and November. By
November, a CPI change of 1.5% had the highest probability of occurring at 49.8%, with the
second most probable outcome having just a 30.1% chance. Through taking into account
additional information, the forecast improved from February to November.
Finally, in 2014 the Consumer Price Index rose 1.6% relative to 2013 (US. Bureau of
Labor Statistics, Consumer Price Index for All Urban Consumers). The chart below details the
forecasts made for February, June, and November of 2014.

30

Figure 6: Current Year CPI Change 2014

The above chart illustrates the 2014 forecasts and shows that they struggled when
compared to 2012 and 2013. While the 99% confidence interval slowly shrank in length, the
mean forecast never matched the observed value of 1.6%. The individual outcome probabilities
show similar results.

Table 10: Current Year CPI Change Probabilities (2014)

Current Year CPI Change (2014)
Most Probable Outcome

Probability of 1.6% Change

(Probability)

(Rank among all outcomes)

February

1.7% Change (15.7%)

15.2% (2nd highest)

June

1.8% Change (26%)

7.2% (5th highest)

November

1.7% Change (40.1%)

16.5% (3rd highest)

Month

While the observed outcome of 1.6% change was always in the top five most probable
forecasts, the forecasts consistently over predicted CPI change. By the November forecast 1.6%
change was given a 16.5% chance of occurring, yet the forecasts gave much better chances to
1.7% and 1.8% growth (probabilities of 40.1% and 32.1% respectively). Thus, the 2014 CPI
forecasts do not perform as well as those in 2012 and 2013.
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Future Year CPI Change
Moving on from the current year forecasts, I will now examine how effective the
consensus forecasting model was for long term CPI forecasts. These forecasts are made in
February of year n, and attempt to predict the percent change in CPI in year n+1 from year n. In
2013, CPI grew 1.5% from 2012 (US. Bureau of Labor Statistics, Consumer Price Index for All
Urban Consumers). The table below illustrates the forecast made in February of 2012 attempting
to predict this growth.
Table 11: Future Year CPI Change Confidence Interval (2012)

Future Year CPI Change (2012 forecasting for 2013)
Month

Confidence Interval

Forecast Mean

Observed Value

February

0.8-3.5%

2.1% Change

1.5% Change

While the observed CPI change of 1.5% sits within the 99% confidence interval, the
confidence interval is excessively large. The wide confidence interval shows the relative
uncertainty at this time, as the interval spans 28 different economic outcomes. Ultimately, I
would hope that the observed value is in a confidence interval that lengthy. Examining the
individual outcome probabilities highlights this issue.
Table 12: Future Year CPI Change Probabilities (2012)

Future Year CPI Change (2012 forecasting for 2013)
Most Probable Outcome

Probability of 1.5% Change

(Probability)

(Rank among all outcomes)

2.1% Change (7.6%)

3.7% (13th highest)

Month

February
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The long-term CPI forecasts exhibit the same issues as the long-term GDP forecasts, in
that there is so much uncertainty that no outcome is ever assigned a high chance of occurring. In
this forecast 2.1% CPI change is given the highest chance of occurring at a probability of just
7.6%. On the other hand, the actual outcome was given a mere 3.7% chance of occurring, which
was 13th highest among all outcomes. The 2012 future year CPI forecast exemplifies the
difficulty in attempting to forecast two years in advance.
Similar issues are found in the February 2013 forecast attempting to predict CPI change
in 2014. In 2014, the Consumer Price Index grew at a rate of 1.6% from where it was in 2013
(US. Bureau of Labor Statistics, Consumer Price Index for All Urban Consumers). The table
below depicts the February 2013 forecast, which created a 99% confidence interval for this
value.
Table 13: Future Year CPI Change Confidence Interval (2013)

Future Year CPI Change (2013 forecasting for 2014)
Month

Confidence Interval

Forecast Mean

Observed Value

February

1.2-3.1%

2.1% Change

1.6% Change

Despite containing the observed growth value of 1.6%, the confidence interval’s length
keeps it from being very informative. This same issue persists when examining the individual
outcome probabilities. The table below lists the most probable outcome and its associated
probability, as well as the probability the forecast gave for the CPI to rise by 1.6% and how that
ranked among all outcomes.
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Table 14: Future Year CPI Change Probabilities (2013)

Future Year CPI Change (2013 forecasting for 2014)
Most Probable Outcome

Probability of 1.6% Change

(Probability)

(Rank among all outcomes)

2.1% Change (11%)

3.6% (11th highest)

Month

February

Sharing the same characteristics as the other long-term forecasts, the 2013 CPI forecast
proved to not be very informative. The most probable outcome was given just an 11% chance of
occurring, while the observed outcome was given a probability of 3.6%. Overall, the long-term
consensus forecasts struggled with both precision and accuracy.

Future Year Average 10-Year Treasury Interest Rate
The last economic variable I attempted to forecast was the average interest rate on the 10Year Treasury note. This forecast differs from all the economic variables above, in that I am now
attempting to forecast the average interest rate, rather than the percent change from the previous
year. I decided to create both a long and short term forecast for the treasury rate, and thus I built
forecasts in February and December of year n to forecast the average rate in year n+1.
In 2013, the average interest rate on a 10-Year Treasury note was 2.35% (Board of
Governors of the Federal Reserve System (US), 10-Year Treasury Constant Maturity). Since the
Blue Chip data is given as only one decimal, I will round the interest rates to one decimal place
for both the 2012 and 2013 forecasts. The table below depicts the forecasts made in February and
December of 2012 attempting to predict an average interest rate of 2.4%.
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Table 15: Future Year Average Interest Rate Confidence Interval (2012)

Future Year Average Interest Rate for the 10-Year Treasury Note
(2012 forecasting 2013)
Month

Confidence Interval

Forecast Mean

Observed Value

February

1.5-4.2%

2.9%

2.4%

December

1.5-2.6%

2.0%

2.4%

There are a few relevant points to be taken from the above table. First, the February
forecast exhibits characteristics similar to the other long-term forecasts in that it contains the
observed value but at the cost of a confidence interval that is 2.7% wide. On the other hand, the
December forecast shrinks the confidence interval down to a width of 1.1% while still containing
the observed value of 2.4% interest rates. Ultimately neither is able to directly match the
observed value with the forecasted mean. Examining the individual outcome probabilities will
allow for a deeper look.
Table 16: Future Year Average Interest Rate Probabilities (2012)

Future Year Average Interest Rate for the 10-Year Treasury Note
(2012 forecasting 2013)
Most Probable Outcome

Probability of 2.4% Rate

(Probability)

(Rank among all outcomes)

February

2.9% Rate (7.4%)

5.4% (9th highest)

December

2.0% Rate (18.6%)

3.8% (8th highest)

Month
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The outcome probabilities bring to light more issues with the interest rate forecasting
model. An average interest rate of 2.4% was never given a high probability of occurring, and
thus the model leaves much to be desired.
Unfortunately, the 2013 model attempting to predict 2014 interest rates fares even worse.
In 2014, the average interest rate on a 10-Year Treasury note was 2.5% (Board of Governors of
the Federal Reserve System (US), 10-Year Treasury Constant Maturity). Below is a table
detailing the confidence intervals and forecast means for the forecasts made in February and
December of 2013.
Table 17: Future Year Average Interest Rate Confidence Interval (2013)

Future Year Average Interest Rate for the 10-Year Treasury Note
(2013 forecasting 2014)
Month

Confidence Interval

Forecast Mean

Observed Value

February

1.7-3.5%

2.6%

2.5%

December

2.7-3.5%

3.1%

2.5%

The February 2013 forecast begins soundly, albeit the wide confidence interval. Despite
the wide confidence interval, the forecast average was 2.6%, just 0.1% off of the observed value.
However, the December 2013 forecast regressed immensely, as the new confidence interval was
just 0.8% wide but did not contain the observed value at all. While seeming to get lucky in
February, the December forecast missed completely. The table below details the individual
outcome probabilities.
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Table 18: Future Year Average Interest Rate Probabilities (2013)

Future Year Average Interest Rate for the 10-Year Treasury Note
(2013 forecasting 2014)
Most Probable Outcome

Probability of 2.5% Rate

(Probability)

(Rank among all outcomes)

February

2.6% Rate (11.6%)

10.9% (2nd highest)

December

3.1% Rate (24.1%)

0% (Tied for lowest)

Month

While the February forecast ranked the observed outcome as the second most probable,
the December forecast vastly over predicted what the average interest rate would be. The
December forecast predicted that interest rates would be closer to 3%, and not even reach the
actual outcome of 2.5%. The above two examples show that forecasting interest rates is
exceedingly difficult.

Up To Date Forecast
Keeping in mind the above successes and short-comings, I will now briefly lay out my
forecast predictions based on the most recent Blue Chip data from March 2015. Due to the
limited success of the future year forecasts, I will only make forecasts for 2015 GDP growth and
CPI change. Below is a table listing the 99% confidence interval and most probable GDP growth
value.
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Table 19: 2015 GDP Forecast

2015 GDP Growth Forecast
Month

99% Confidence Interval

Most Probable Outcome
(Probability)

March

2.5-3.6%

3.1% Growth (18.95%)

The forecast above paints an optimistic picture for the economy in 2015. Growth over 3%
has not been achieved since 2005. Even the lower bound of the 99% confidence interval
represents an improvement from 2014. Overall, the above forecast displays a promising picture
for GDP growth.
Despite the promising GDP forecast, the March 2015 CPI forecast is not as positive.
Below is a table summarizing the 2015 CPI forecast.

Table 20: 2015 CPI Forecast

2015 CPI Change Forecast
Month

99% Confidence Interval

Most Probable Outcome
(Probability)

March

-0.8-1.5%

0.3% Change (9.15%)

The above forecast points out that deflation is a real possibility for 2015. The Federal
Reserve has recently pointed out these deflationary pressures, and this forecast adds credence to
this worry. In fact, while the most probable outcome is inflation increasing by 0.3%, there is still
roughly a 21% chance of a CPI change in the negatives. Through the use of probabilistic
forecasts, it is easy to quantify the chances of an event like this occurring.
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Chapter 5
Discussion
The results section displayed the relative successes and failures of the various economic
forecasts. In this section, I will look to explain why some forecasts succeeded while others failed.
This section will first discuss the current year GDP and CPI forecasts, followed by the future
year GDP and CPI forecasts, before concluding with the future year interest rate forecasts.
While overall the current year GDP and CPI forecasts proved to be fairly accurate, the
GDP forecast for 2013 was a glaring exception. The November 2013 GDP forecast had a
confidence interval that stretched from 1.5-1.8%, while actual growth in 2013 was 2.2%. While
the confidence intervals for most months usually contained the observed value, the November
2013 forecast missed completely. However, there is an answer as to why the November 2013
forecast missed so badly—revisions.
A revision to the observed GDP value can cause a forecast to become much less accurate.
Revisions occur when the U.S. Bureau of Economic Analysis finds discrepancies while
recalculating the various inputs for GDP. If the inputs to GDP are found to have changed, this
will change the entire observed GDP value and make forecasting even more difficult. As it turns
out, GDP in 2013 was originally thought to have grown by 1.9% and has since been upwardly
revised to 2.2% as there were upward revisions in three of four quarters (Kastner). While this
makes the 2013 forecast look slightly better, it brings up the issue of how forecasters should deal
with GDP revisions. For the purpose of this paper, I decided that the best forecast would take
into account all available information at the time of the forecast, and not assume that there will
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be revisions. While revisions very likely may occur, it would be a wasted exercise in attempting
to guess by how much or in which direction. Thus, the above forecasts were made to reflect what
was known at the time, barring any future revision. Despite dealing with possible revisions, the
current year GDP forecasts ultimately proved the second most accurate of all economic variables
and time horizons. The forecasts were buoyed by their ability to take into account monthly GDP
releases, and thus generally produced an accurate forecast.
While the current year GDP growth forecasts had some success, the current year CPI
forecasts clearly performed the best. The forecasts always contained the observed value within
the confidence interval, and matched the forecast average with the observed value in one-third of
the months forecasted. The current year CPI forecast success comes from two sources—in year
CPI releases and less susceptibility to revisions. The CPI forecasts were able to become more
accurate and precise as the year went on, as they take into account monthly CPI releases. This
increase in accuracy is what I expected from these forecasts. Additionally, the CPI forecasts
fared better than the GDP forecasts because they were less subject to revision. While GDP is
made up of many components of spending, the CPI is merely a basket of goods and services.
Thus, the CPI is revised in less frequent intervals and only to take into account new buying
habits or new technology. Less subject to revisions, and monthly economic information allowed
the current year CPI forecasts to perform the best.
As I mentioned in the methodology section, a few of the months of forecasts did not pass
the SK test, meaning that these months may not have forecasts that were normally distributed.
While I searched for alternative methods to compensate for this, I ultimately chose to proceed as
planned—assuming normality in all months since the bootstrapped confidence intervals were not
very informative. Curiously enough, of the twelve months that did not pass the SK test, eight of
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them were forecasts for the current year CPI. Given that this economic forecast fared the best, I
found this to be an interesting result. However, after examining a few of the histograms, it seems
that many of the current year CPI forecasts are concentrated on one number. This would cause
the month to fail the SK test, since it is looking for a normal distribution. Concentrating on one
number would indicate a high level of certainty from the forecasters, and thus explain why many
of the CPI forecasts were so accurate. It seems that moving ahead and assuming normality did
not compromise the forecasts.
Moving to the long-term forecasts, I will discuss the future year GDP and CPI forecasts
together, as they suffered many of the same shortcomings. While the long-term forecasts always
contained the observed value within their 99% confidence interval, the intervals were extremely
broad. With intervals between 2-3% wide, it is difficult to gain much information from the
forecast. I have concluded that this is a product of attempting to forecast nearly two years in the
future, and thus this method is not ideal. Forecasters are essentially taking a shot in the dark with
predictions that far in advance, and thus there is a lot of variability between forecasts. There is
simply too much uncertainty when forecasting that far into the future. Long-term forecasting is
certainly an area that can be built upon with future research.
Similar to the long-term forecasts, the future year interest rate forecasts struggled to
produce precise and accurate findings. While the confidence intervals decreased modestly
between the February and December forecasts, the December 2013 forecast missed its mark
entirely. Interest rates are different from GDP and CPI in that while the latter two are made up of
set components, interest rates can be changed and manipulated by the Federal Reserve. Thus,
while it is certainly beneficial to try and predict interest rates for future years, even a sound
prediction can be made completely erroneous if the Federal Reserve decides to increase or
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decrease rates. The combination of forecasting far in advance and possible Fed movements
makes forecasting interest rates a difficult endeavor.
Thus, there are a few limitations in this model that future research could build upon. As
mentioned already, the model assumes a normal distribution of forecasts. While assuming
normality when forecasts were not normally distributed did not seem to affect forecast accuracy
or precision, it is certainly not ideal. Additionally, GDP revisions are something that cannot be
planned for but can have a large effect on forecast accuracy. Finally, as with all consensus
forecasts, they are entirely based on other forecasts. While consensus forecasts are strong in that
they take into account many predictions, they can suffer if the observed outcome was not one of
the predictions inputted into the model.
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Chapter 6
Conclusion
“Prediction is very difficult, especially if it’s about the future.”
-Nils Bohr, Novel Laureate in Physics

This paper looked to create a consensus-forecasting model to forecast economic variables
over different time horizons. Utilizing 50-60 of the top forecasts available, my model assigned
probabilities to individual outcomes and supplemented this with a broad 99% confidence
interval. The result was a probabilistic forecast that gave a more informative assessment than
mere point estimates. Ultimately the current year forecasts provided the most accurate
predictions, with Consumer Price Index forecasts besting GDP growth forecasts. On the other
hand, the future year GDP, CPI and interest rate forecasts struggled when compared to the
current year predictions. Attempting to forecast an event nearly two years away proved too
difficult a task, as the future year forecasts suffered from wide and uninformative confidence
intervals. In turn, the future year forecasts were not able to predict the economic outcome with
much accuracy.
With so much at stake in economic forecasting, it is a tough truth that economists can not
very well predict what the future holds. Despite this, moving from point estimate predictions to
probabilistic and interval forecasts is a step in the right direction. These forecasts create a more
honest and realistic economic picture when compared to point estimates. Additionally, the use of
consensus forecasts will only increase, as forecasters recognize the advantages of combining
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forecasts. With advances in technology and computing power, the field of economic forecasting
is seemingly in its infancy, and the future shows great potential.
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Appendix A
SK Test Results
SK Test Results
Current Year GDP SK Test Results
Forecast Month

P-Value

February 2012

0.3475

June 2012

0.7259

November 2012

0.0186

February 2013

0.0345

June 2013*

0.0045

November 2013

0.0576

February 2014

0.3012

June 2014

0.8958

November 2014

0.8989

* Indicates that the given month did not pass the SK test at the 1% level

Future Year GDP SK Test Results
Forecast Month

P-Value

February 2012

0.7564

February 2013

0.0913

* Indicates that the given month did not pass the SK test at the 1% level
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Current Year CPI SK Test Results
Forecast Month

P-Value

February 2012

0.0123

June 2012

0.0108

November 2012

0.5847

February 2013*

0.0024

June 2013*

0.0003

November 2013*

0.0000

February 2014*

0.0005

June 2014*

0.0000

November 2014*

0.0000

* Indicates that the given month did not pass the SK test at the 1% level

Future Year CPI SK Test Results
Forecast Month

P-Value

February 2012

0.1642

February 2013

0.3649

* Indicates that the given month did not pass the SK test at the 1% level
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Future Year Interest Rate SK Test Results
Forecast Month

P-Value

February 2012

0.0472

December 2012

0.0945

February 2013

0.4228

December 2013

0.0805

* Indicates that the given month did not pass the SK test at the 1% level

March 2015 SK Test Results
Forecast Month

P-Value

Current Year GDP

0.1729

Current Year CPI

0.2792

* Indicates that the given month did not pass the SK test at the 1% level
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Appendix B
Forecast Histograms
Current Year GDP (2012)
February

48
June

November

49

Current Year GDP (2013)
February

June

50
November

51

Current Year GDP (2014)
February

June

52
November

53
Future Year GDP
February 2012

February 2013

54
Current Year CPI (2012)
February

June

55
November

56
Current Year CPI (2013)
February

June

57
November

58
Current Year CPI (2014)
February

June

59
November

60
Future Year CPI
February 2012

February 2013

61
Future Year Average 10-Year Treasury Rate
February 2012

December 2012

62
February 2013

December 2013

63
March 2015 Forecasts
Current Year GDP

Current Year CPI
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Appendix C
Probabilistic Forecasts
Current Year GDP Growth (2012)

Current Year GDP Growth (2013)

Current Year GDP Growth (2014)

Future Year GDP Growth (2012)

Future Year GDP Growth (2013)

65
Current Year CPI Change (2012)

Current Year CPI Change (2013)

Current Year CPI Change (2014)

Future Year CPI Change (2012)

Future Year CPI Change (2013)

Future Year 10-Year Treasury Note Interest Rate (2012)
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Future Year 10-Year Treasury Note Interest Rate (2013)

Current Year GDP Growth (2015)

Current Year CPI Change (2015)

67

Appendix D
Confidence Interval Accuracy Tests
Current Year GDP Growth—Observed Value Standard Deviations From 99% C.I.
Month

2012

2013

2014

February

0

0

0

June

0

0

0

November

0

7.7

0

“Long Term” Two Year GDP Forecast
Observed Value Standard Deviations from 99% C.I.
Month

2012

2013

(forecasting 2013 growth)

(forecasting 2014 growth)

0

0

February

Current Year CPI Change—Observed Value Standard Deviations From 99% C.I.
Month

2012

2013

2014

February

0

0

0

June

0

0

0

November

0

0

0
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“Long Term” Two Year CPI Forecast
Observed Value Standard Deviations from 99% C.I.
Month

February

2012

2013

(forecasting 2013 growth)

(forecasting 2014 growth)

0

0

Average Treasury Rate Forecast—Observed Value Standard Deviations from 99% C.I.
Month

2012 (forecasting 2013 rate)

2013 (forecasting 2014 rate)

February

0

0

December

0

0.99
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