
1 | P a g e  
New Confidence Indices: Innovative Tools for Predictive Intelligence 

White Paper by e-forecasting.com 

  

©e-forecasting.com, 2017 

 

New Confidence Indices: Innovative Tools for Predictive Intelligence 
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I. Introduction 

 

This paper revisits the methodology and performance of the two widely used predictive 
analytics which are modeled from sentiment analysis of consumer surveys conducted 
by the University of Michigan and the Conference Board. Although they have provided 
in a summary form insights about the mood of consumers from assessments of present 
and/or anticipations of future economic conditions, they differ in survey methodology - 
including sampling, interview mode, interviewing periods, wording of questions and 
consumer horizon for expectations, which according to Mohabbat and Simos (1978) is 
important for differentiation of spending behavior between permanent and transitory 
changes as they have different effects on the economy and thus its business cycle. In 
addition, the modeling methodology in building overall performance indices is simply an 
aggregation of subjectively selected replies to questions about spending and not the 
result of a statistically designed process to meet a user-desired objective for a forward-
looking predictive analytic to be used in forecasting, decision-making and investment 
planning. In Croushore’s (2006, p. 9) words about the “bottom line: if you are forecasting 
consumer spending for the next quarter, you should use data on past consumer 
spending and stock prices and ignore data on consumer confidence.” 
 
Investigating the role that consumer sentiment plays in the macroeconomy, Fuhrer 
(1993, p. 31) answered his question “of what is consumer sentiment” by stating that 
“consumer sentiment or consumer confidence is both an economic concept and a set of 
statistical measures.” Adding that the definitions of the statistical measures are 
unambiguous; [and the] economic concept is a bit more slippery.” Merkle et all (2003, p. 
4) in a paper looking at “measurement and meaning” of consumer confidence argued 
that it “… is in some ways a subjective term. There’s no single agreed-upon definition of 
what it means, nor one accepted method to measure it.” 
 
“There is a new exhibit at the zoo. It’s called analytics.” was the title of a full-page 
advertisement by IBM in a May 2013 issue of the Economist. Typically, ads are 
overlooked when reading dense publications such as this, but this headline was striking 
and so succinctly captured the new world being created by analytics.  Alter this slightly, 
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changing the word ‘exhibit’ to visualization and ‘zoo’ to big data and we come to the 
present day. In fact, the ad mentioned a success story about a city zoo, deploying 
analytics which resulted in an annual ROI of 411%. The ad was referring to a 
microcosm but it also described metaphorically in one line the universal revolution of big 
data and analytics of the last ten years.   
 
The above headline also describes a process called predictive analytics, which begins 
with big data and ends with well constructed visualizations of both the set of models and 
output of the project. Visualization is what Miller (2015, p.12) calls “Explaining it all... in 
a clear and concise manner … that others can understand … [and] benefit …”  
 
The purpose of this white paper is to introduce a new confidence index. It is a forward-
looking predictive analytic based on three innovative and thus refreshing concepts. 
First, it is derived from a “new” national comprehensive consumer survey, conducted 
monthly by Prosper Insights and Analytics launched in 2004. Second, it is constructed 
by using more advanced, also called higher order, predictive analytics modeling 
compared to the traditional “first-order” methods of the traditional consumer sentiment 
or confidence indices of the University of Michigan and the Conference Board 
respectively. Lastly, it is the result of an optimization dynamic process – platform – 
designed to meet a well-defined objective by extracting the best information content 
from “unstructured” big data.         
 
Macro consumer indices have provided informational content and insights about the 
future path of economic and business conditions. This paper follows Miller’s (2015) 
framework and definitions of predictive analytics to better understand the role and 
position of macro consumer indices in the context of science. Predictive analytics is a 
data science; it involves modeling relations between one set of variables to another.  
There are two types of variables: the response (target) variables, for which prediction 
data will be generated by predictive modeling; and, the predictors, which are found from 
unstructured or quasi-structured data by several individual modeling techniques forming 
together a predictive analytics modeling platform. As Miller (2015, p.5) has amply 
pointed out whatever the data and the modeling platform “predictive analytics is based 
upon a simple premise: the value of the model lies in the quality of its prediction.”  
 
Given this general definition of predictive analytics, macro consumer indices are 
members of the predictive analytics family. The response (target) variable is clearly 
identified by the Conference Board as a barometer of the “health of the U.S. economy.” 
The Survey Research Center (SRC) at the University of Michigan in their monthly 
reports have pointed out that the significance of the Michigan surveys derives from the  
important influence of consumer spending “whether the national economy slips into 
recession or is propelled toward recovery and growth."  Prosper Insights and Analytics 
does not directly provide a definition for a macro consumer index. The design of the 
survey looks at about 60 categories of spending and also includes three pure 
macroeconomic questions dealing with households’ views on national economic 
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conditions and employment, which indirectly implies that the response (target) variables 
are levels of performance in overall economic activity.    
 
With respect to data used to derive predictors for the target variable, the surveys use 
sentiment analysis, which in predictive analytics vocabulary is “text analytics with a 
purpose” Miller (2015, p. 107). Text analytics is a numbers game with words instead of 
numbers. The first stage in using text analytics is to turn (modeling) words into data sets 
of numbers. Structured text is “converted” to survey instruments, derived from modeling 
consumers’ assessments about the present and expectations about the future. In the 
second stage, survey instruments are “transformed” (modeled) to higher level analytics 
to be used for optimal “selection” of predictors. Modeling predictors with the response 
(target) set constitutes the third stage. The last stage deals with making alternative 
forward-looking predictive analytics which provide insights for the variables in the 
response (target) set.  From several available measures and modeling techniques, the 
two traditional consumer surveys use the simple difference between positive and 
negative scores or equivalent versions to create their consumer indices. 
                                         
 

II. Review of Traditional Consumer Predictive Analytics   
 
The University of Michigan sentiment survey is a monthly telephone survey of about 500 
households which are asked to provide qualitative responses to questions about the 
economy, household’s financial situation, as well as their attitudes on several categories 
of consumer expenditures from housing and cars to other durables and services.  The 
responses to five questions - current family financial conditions, expected financial 
conditions one year from now, expected general business conditions during the next 
twelve months, expected business conditions during the next five years, and current 
buying conditions for large household appliances - are quantified to a first-order 
individual-question analytic and then are used as components to form a national index 
called the University of Michigan Consumer Sentiment (UMCS). The first survey was 
introduced in 1946 and was conducted in annual frequency. The survey’s frequency 
expanded to quarterly in 1952, the year the first national index was born. UMCS index 
was converted to its current high – monthly - frequency in 1978.  It seems that the word 
‘sentiment’ in the name of their forward looking index came from the statistical concept 
of sentiment analysis.   
 
The Conference Board, a not-for-profit business membership association, introduced a 
bi-monthly mail sentiment consumer survey, named “Consumer Confidence Survey” in 
1967, expanding its frequency to monthly in June 1997 for most of the questions. In 
2011, the Conference Board changed survey providers from TNS to the Nielsen 
Company and the questionnaire was mailed to a probability-design random sample 
instead of the non-probability methods used in the past. The sample size remained the 
same - 5,000 households satisfying a target of 3,000 completed replies; and, the 
concepts, questions and mail survey collection method also remained unchanged. 
Using five overlapping months in the changeover of providers, the new methodology 
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was found to have resulted in different “shifts” of the data, averaging 4.5 points for all 
questions, which were used to splice individual series for continuity. 
 
Like the University of Michigan’s sentiment survey, the Conference Board’s survey 
includes qualitative responses to questions about national economic conditions, 
household’s financial situation and specific markets like housing, cars, durables and 
travel. Households’ response to five questions - appraisal of current business 
conditions, appraisal of current employment conditions, expectations regarding 
business conditions six months hence, expectations regarding employment conditions 
six months hence, and expectations regarding their total family income six months 
hence - are quantified to a first order individual-question analytic, which are transformed 
to second order analytics by applying a seasonal adjustment technique. The five 
seasonally adjusted analytics are aggregated to an index named “Consumer 
Confidence Index.” According to the Conference Board’s Technical Note (2011), the 
Conference Board Consumer Confidence (CBCC) is “a barometer of the health of the 
U.S. economy from the perspective of the consumer.”  The “word” confidence 
differentiated the CBCC index from the UMCS index. In addition, it is a more easily 
understood concept by the public and most importantly by the business media.     
 
In October 2004, Prosper Insights and Analytics, a private company, launched an online 
monthly consumer sentiment survey using a sample of more than 5,000 households 
which is balanced to the U.S. Census to make it representative of Adults 18+ years old. 
The survey delivers timely information on the changing patterns of major categories of 
consumer expenditures, where the consumer is shopping from online to chain stores 
and monitors macroeconomic performance and financial conditions. This data offers 
intelligence on both current and planned behaviors in the next 90 days to six months. 
Prosper Insights and Analytics does not provide a predictive analytic modeled in the 
traditional index format of UMCS and CBCC. The next section presents predictive 
analytics modeling for the creation of a new confidence index for the macroeconomy 
from data derived from the Prosper Insights and Analytics survey.  Visualizations of the 
process and analysis of the findings will illustrate the innovative features of the new 
confidence indicator as an additional tool to monitor the future path of the national 
economy.   
 
 
III. Predictive Modeling 
 
Predictive analytics modeling is a set of several individual scientific models which 
perform different tasks, such as: identify (select) variables needed, statistical 
adjustments, transformations, statistical weighting schemes, aggregation techniques, 
correlations, regressions, ordering tasks, econometric models, and so on. Based on the 
research work on business cycle indicators and the methodologies used by 
organizations1 which build and maintain them for public use, below is the list with a brief 
explanation of the individual models used to make the predictive modeling platform 
needed to generate the new predictive analytic NCI: 
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1. Defining and analyzing the target set. For a national predictive analytic, the best 

response (target) variable is real Gross Domestic Product (GDP), capturing 
anything that is made domestically in volume (quantity) terms.  GDP is available 
on a monthly frequency, a predictive analytic made by e-forecasting.com, as the 
preferred indicator for business cycle analysis.  
 

2. In addition to the individual series of the response (target) variable, two higher 
level predictive analytics are modeled for use in other stages of the predictive 
modeling platform: an optimal extractor of its long-term trend, which has to be 
uncorrelated to the business cycle using econometric techniques; and, a 
statistical measure of its amplitude to “benchmark” the predictor set.  
 

3. Chronology of the business cycle. Business cycle chronology analytics is the 
dating (modeling) of turning-points for the macroeconomy, peaks and troughs, to 
unveil the cycle phases, like recession. Chronology is measured by modeling the 
business cycle within certain rules on frequency, minimum phase and cycle 
length, which are defined by the investigator from historic data analysis. 

  
4. Measurement of predictors set (first-order analytics).  Measurement is the 

assignment of numbers to attributes (text) according to rules. In sentiment 
analysis, survey instruments from structured text are used for measurement. On 
the basis of the distribution of the various textual options for each question, the 
survey instruments are balances, which are calculated for each question as the 
difference between positive and negative answers measured as a percentage of 
total answers. In case of asymmetric distribution of options, weighted 
adjustments are explored to statistically estimate a scheme from relations with 
the target variable over a frozen sample to avoid monthly revisions.       
 

5.  Adjusting (transforming) predictors (higher orders). To achieve comparability 
with real economy data, with different adjustments by data-source organizations 
and with different vintages of data, various econometric techniques are used for 
splicing and to separate the cyclical patterns from trends by using a sequence of 
“filters,” if necessary, like frequency conversion, outlier detection, seasonal 
adjustment, de-trending and smoothing. This step may include grouping analytics 
of the same co-movements and content to composite predictors. 
 

6. Standardization and amplitude adjustment. Predictors are first standardized and 
then are amplitude adjusted to match the amplitudes of the response (target) set 
like GDP.   
 

7. Modeling predictive analytics (higher order). Modeling two-types of forward-
looking predictive analytics for each variable in the response (target) set: (i) a 
growth-cycle (de-trended) predictive analytic; and (ii) a trend-restored predictive 
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analytic, which grows around the long-term growth path of its response (target) 
variable in a cyclical pattern derived the growth-cycle predictive analytic.  
 

8. Turning point detection for forward-looking predictive analytics (higher-order 
analytic). Quantitative analysis of the turning points of the modeled predictive 
analytics by comparing them to the turning points of the response (target) 
variables. Evaluation, at both peaks and troughs, of the length of leading time (in 
months for a frequency of 12) that each forward-looking predictive analytic goes 
up (down) ahead of the ups (downs) of the corresponding variables in the 
response (target) set.    
 

9. Turning point probabilities (higher-order forward-looking predictive analytic). 
Econometric modeling of recession (expansion) monthly probabilities, which 
provide early signals of upcoming turning points for a downswing from an 
upswing and so on. In general, a reading of recession risk above 50% and 
growing in the months ahead signals a confirmation of an upcoming recession in 
the near future.  
 

10. Output gap (higher-order forward-looking predictive analytic). An output gap 
measures the depth of convergence towards or divergence from the long-term 
trend of the response (target) variable. It is calculated as the difference (percent) 
between the trend-restored values of the forward-looking predictive analytic and 
the long-term trend of the response (target) variable. The degree of consumer 
optimism (pessimism) about future growth is defined by the degree of positive 
(negative) output gaps.    
 

IV.  Findings 
 
What’s in a name? From William Shakespeare's play Romeo and Juliet to modern 
business consultants, a name is the starting point for something “new,” a newborn, a 
new nation, a new city, a new business, a new university and so on. It is ageless, 
immortal. Think of a relative five generations ago whose last name is (still) similar to 
yours; think of Athens, Rome, China, IBM, Ford, Harvard, Sorbonne, all are names 
created hundreds or thousands years ago and we still use them. At this point in time, 
the name of the forward-looking predictive analytic introduced in this paper is just a New 
Confidence Index (NCI).   
 
NCI - a forward-looking predictive analytic is “data we don’t have,” made by predictive 
modeling from “data we have.” NCI is not a forecast as it is based on predictors built 
with factual data. It is a tool to help forecast the near future, uniquely focusing on the 
turning points, which are the most difficult to predict concepts in business cycle 
analysis.  
 
The first three modeling steps of the overall predictive modeling (platform) are 
summarized in Exhibit 1 and Exhibit 2. As the official GDP statistics are published on a 



7 | P a g e  
New Confidence Indices: Innovative Tools for Predictive Intelligence 

White Paper by e-forecasting.com 

  

©e-forecasting.com, 2017 

quarterly basis, NCI’s modeling uses as a target variable e-forecasting.com’s U.S. 
Monthly GDP, which is consistent (benchmarked) with the official quarterly figures. The 
Hodrick-Prescott filter is used to estimate the long-term trend in monthly GDP, which is 
an optimal extractor of a trend which is stochastic but moves smoothly over time and is 
uncorrelated with the cycle. The monthly GDP data expressed in billions of constant 
dollars is converted to a volume index using 2010 equal to 100, covering the period 
1959-2016. Turning-points for the macroeconomy, peaks and troughs, were detected 
with the Bry- Boschan algorithm ensuring a minimum phase of not less than 9 months 
and cycle length conditions not less than 2 years. The chronology derived from the Bry- 
Boschan technique is the same as the chronology of NBER’s dating committee. Exhibit 
1 shows the history of the monthly GDP, its long-term trend and the dating recessions 
using gray bars. Since the Prosper Insights and Analytics survey began in 2004, Exhibit 
2 presents the same information as Exhibit 1 for the period 2004-2016. 
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The fourth step is similar to the modeling used for the “traditional” consumer indices 
UMCS and CBCC. Exhibit 3 adds to the traditional indices a traditionally-made index 
using the Prosper Insights and Analytics survey. Since 2011, the Conference Board 
survey uses seasonal adjustment for the series and notes in the Technical Note (2011, 
p. 3) their “series are typically not highly seasonal.” Before 2011, the Conference Board 
was using an unknown seasonal technique. For years, the monthly seasonally adjusted 
published data had only the last two months revised implying that the Conference Board 
was using a rolling 5 month averaging technique.  Bram and Ludvigson (1998) and 
Matsusaka and Sbordone (1995) have noted that the confidence indices do not exhibit 
much seasonality. The research for this paper has arrived at the same conclusion for 
UMCS, CBCC and the traditional index from the Prosper Insights and Analytics. A 
careful visualization of Exhibit 3 clearly shows lack of seasonality in the three indices, or 
better said, seasonality does not matter. The conclusion from Exhibit 3 is that the use of 
first-order modeling fails to produce with some degree of certainty support for the effects 
of consumer indices on the macroeconomy. Several studies in the past have arrived to 
similar conclusions. Fuhrer (1993, p.44) concluded in his paper that “Overall, sentiment 
appears to play a small but interesting role in the macroeconomy [and] Sentiment’s 
predictive power is economically modest.” A recent study for the European Central Bank 
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by Dees and Brinca (2011, p. 25) for the U.S. and the Euro Area found that “Overall, the 
results show that the consumer confidence index can be in certain circumstances a 
good predictor of consumption.” A slightly encouraging study from Al-Eyd et al. (2008) 
for Germany, Italy and France found consumer confidence not to be a good predictor for 
consumption.  
 

 
 
The last five steps provide methodological novelties in the modeling of higher order 
forward-looking predictive analytics by improving the quality of the predictors’ input data 
and benchmarking the two indices: first, to the cyclical behavior of the response (target) 
variable; and second, to the long-term trend of the response (target) variable. 
Furthermore, based on the two new alternative forward-looking predictive analytics, two 
additional useful and unique forward-looking predictive analytics are made to enrich the 
tool box of decision-makers for improving prediction intelligence: (i) probabilities for 
forthcoming turning points; and, (ii) measures of optimism about future economic 
growth. 
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Exhibit 4 shows the growth-cycle (de-trended) forward-looking predictive analytic, after 
filtering, standardization and amplitude adjustment to the variables of the response 
(target) variable. Based on advanced modeling, NCI has a nine month lead time at both 
the peak and the trough of the last recession.   
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Exhibit 5 shows the trend-restored forward-looking predictive analytic NCI in 
comparison to the long-term trend. NCI crossed the long-term GDP trend line to a 
negative territory following several months of a slowdown. This movement confirmed an 
upcoming recession. Similar behavior is illustrated on the recovery phase of the 
business cycle.       
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Exhibit 6 shows the informational content gained by observing month-by-month the 
turning-point probabilities as they passed the threshold of 50% before the recession and 
their fall towards zero to confirm the end of the recession. 
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Lastly, Exhibit 7 illustrates the depth of optimism (pessimism) about future economic 
growth. When trend-adjusted, NCI is above trend and increasing, the reading of 
optimism implies that future economic growth will be above trend, say above 3%, which 
is the long-term average growth of real GDP in the last seven decades.  
 

 
 
V. Concluding Remarks 
 
This paper has introduced four forward-looking predictive analytics indices constructed 
by an advanced predictive analytic modeling platform using a new comprehensive 
consumer survey conducted by Prosper Insights and Analytics. The findings show that 
the indices are good predictors of the business cycle, particularly in predicting 
forthcoming turning points of the economy’s business cycle nine months ahead of actual 
overall economic activity as measured by monthly real GDP. Visualizations of the four 
forward-looking confidence indices show the innovative advanced methodology and 
new survey have added useful, clearly understood effective instruments to the toolbox 
of forecasters, public policy analysts and business planners who monitor the future path 
of the national economy.   
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___________________________________________________________________________  

                                  

Footnotes 

1Major organizations in constructing and maintaining business cycle analytics (indices) 

are U.S. Bureau of Economic Analysis (BEA), Organization for Economic Co-operation 

and Development (OECD), and The Ifo Institute for Economic Research 

 
 
 
 
 
 
 
 
 
 
 ********************* ******************************* 
Footnotes 
 
(1)  Consumer Confidence Survey® Technical Note – February 2011 
 
(2) University of Michigan, Survey Research Center. 1992. "Survey of 
Consumers, November 1992." 
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