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An Applied Use of Exploratory Spatial Data Analysis in the
Identification of Poverty Clusters in the Buffalo- Niagara Falls, New
York Metropolitan Statistical Area: 2008-2022

Craig Rogers’

ABSTRACT

Poverty research in the 1970s and the 1980s focused on metropolitan areas and major central cities of the largest
metropolitan areas. Since the 1990s, poverty research literature has examined poverty within the context of urban and
rural areas; counterbalancing political ideologies and the changing political landscape and their resultant poverty
policies.

This paper takes a different approach using the new American Community Survey (ACS) 5-year datasets and
exploratory spatial data analysis within a geospatial framework to analyze the changing intra-metropolitan location of

poverty in the Buffalo-Niagara Falls, NY metropolitan statistical area between 2008-2022.

INTRODUCTION

Sixty years after the federal government'’s declaration of a War on Poverty, the United States still has a
fragmented public policy response to poverty. Unquestionably, poverty levels in the U.S. did decrease
during the height of the federal response in the late 1960s and early 1970s. The progress against poverty
has been uneven since and there exist persistent spatial pockets of poverty in U.S. metropolitan areas. The
uneven progress against poverty is due partially to the limitation of the headcount index as a measure of
poverty. Poverty measurement is a complex undertaking that involves analysis of demographic and
socioeconomic characteristics within a spatial environment.

This paper differs from other metropolitan focused poverty research initiatives in that: (1) uses a
consistent census tract based spatial data set to track the changes in the location of poverty; (2) delineates
the metropolitan area into cities, inner and outer ring suburban areas; and (3) uses exploratory spatial data
analysis (ESDA) within a GIS environment to explore the spatial distribution and patterns of intra-

metropolitan poverty.

POVERTY MEASUREMENT LITERATURE REVIEW
Poverty measurement is an important indicator of a nation’s economic and social status. Poverty
measurement affects not only the perception of well-being; it affects numerous federal, state, and local

public policy formation, program administration, and public understanding (Citro and Michael, 1995). The
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most widely used poverty measure in the United States is known as the official poverty rate and is
constructed as a headcount index derived originally from the work of Orshanky (1965).

The official headcount poverty measure is the most used poverty measure in the United States, and
this paper uses this measure with the acknowledgment of its empirical and interpretative limitations.
Criticism of the headcount poverty measure identifies three limitations: (1) the measure does not take into
consideration the intensity of poverty; (2) the measure does not measure the depth of poverty; and (3) the
measure is computed based on households not individuals. Headcount index criticism is well founded and
has led to the misrepresentation of the poverty status in the United States and has underestimated the
reduction in the overall poverty level in the U.S. (Primus, 2006). The Panel on Poverty and Family
Assistance (Citro and Michael, 1995) suggests the headcount index weakness has become more apparent
and consequential because of far-reaching changes in the U.S. society, national and global economies and
in government policies.

Poverty researchers suggest one single measure of poverty; fails to capture the complexity of the
underlying poverty issues and additional measures of poverty should be used as a means of understanding
the depth and severity of poverty which may reveal important differences in the quantitative and qualitative
nature of poverty (Osberg and Xu, 1999). These differences would suggest different types of poverty
reduction initiatives for different spatial areas, Jolliffe (2003).

There has been significant advancement in the theory and methods of poverty measurement since
Sen’s (1976) article on poverty measurement. Unfortunately, Myles and Picot (2000) acknowledge poverty
measurement advancement has been slow to move beyond academic poverty researchers and has not
been embraced by policymakers. They note that a major reason for this is that these measurements have
at their core abstract mathematical properties and do not provide policymakers or the public with an easily
understood poverty measure.

In 2005, the U.S. Census Bureau introduced the American Community Survey (ACS). The ACS is an
ongoing survey that provides information on the demographic, economic, and social economic
characteristics of the nation at different spatial levels for either 1-year or 5-year intervals. The ACS
discontinued the 3-year ACS due to budgetary issues in 2015. Poverty data at the census tract level is only
available using the 5-year ACS.

Poverty research literature is extensive. Sawhill (1988) offers one of the more comprehensive
summaries of U.S. poverty and within the context of specific time periods provide a summary of the
evolution of the poverty literature, the main highlights and observations, and general research patterns.

Poverty research in the 1970s and the 1980s focused on metropolitan areas and major central cities of
the largest metropolitan areas. Since the 1990s, poverty research literature has examined poverty within
the context of urban and rural areas; counterbalancing political ideologies and the changing political
landscape and their resultant poverty policies (Cushing and Zheng, 2000). The writings of Wilson in the
late 1980’s focusing on the underclass led to a renewal in poverty research, particularly at a micro spatial
level. (Wilson and Aponte 1985).



There has been little research on the changes in the distribution of poverty at the intra-metropolitan
level and more specifically in which the intra-metropolitan area has been defined by central cities, inner and
outer ring suburban areas (Johnson, 2007). Urban researchers recognize the limitation of using an
elementary dichotomy of central city and non-central city suburban areas in public policy analysis. Dual
conceptualization of urban areas into cities and non-center (suburban) areas does not recognize the
significant difference in suburban areas due to different demographic, socioeconomic, and political
characteristics (Kneebone, 2009).

One spatial approach used to analyze change at the intra-metropolitan level is to construct spatial
boundaries using census tracts. A census tract is a spatial boundary that has between 1200 — 8000 people with
an average population of 4000 people. A census tract boundary is usually a contiguous area but may vary by
spatial size; central city census tracts are spatially smaller than census tracts in rural areas.

Spatial boundaries for cities and the suburban areas in the Buffalo-Niagara Falls metropolitan statistical
area (MSA) were generated from census tract-based boundary shape files from the U.S. Census Bureau.
Inner and outer ring suburban areas were constructed using a modified version of a research method
suggested by Leigh and Lee (2005). Using their census tract-based typology, inner ring suburban census
tracts comprised non-central city census tracts that had a population per square mile density of 1000 people
and 400 housing units per square mile built between 1950 and 1970. The outer ring suburban census tracts
comprised non-central city and non-inner ring census tracts that had 200 housing units per square mile built
between 1970 and 2000 and met the population per square mile requirement of 1000 people. Map 1 shows
the location of central cities, and inner and outer-ring suburban areas in the Buffalo MSA. The Buffalo-
Niagara Falls, New York MSA consists of Erie and Niagara counties and six central cities: Buffalo, Niagara
Falls, Lackawanna, Tonawanda, North Tonawanda, and Lockport.?

A recent thread of neighborhood poverty research examines poverty, its spatial concentration and its
short and long-term socioeconomic impact of residents living in high poverty neighborhoods. The long-term
consequences of concentrated high poverty neighborhoods in cities have begun to receive attention across
interrelated academic disciplines such as sociology, political science, public health, economics, and
geography (Bhatta, 2001; and Bellu and Liberati, 2005). Census tracts have been used extensively in
poverty research examining poverty neighborhood effects (Cooke and Marchant 2006). Neighborhood
poverty research using census tracts as the spatial boundary have used two different poverty rates to
identify high poverty census tracts: 30% (Cooke and Marchant, 2006); and 40% (Strait, 2001).

Studies have shown there exists neighborhood effects on the short and long-term impact on education,
employment, and criminal behavior linked to living in high poverty neighborhood (Chyn and Katz, 2021).
Studies examining the relocation of residents from high poverty neighborhoods to low poverty

neighborhoods have shown different long term socioeconomic outcomes based on age, gender, and



Map 1. Cities, Inner and Outer Ring Suburban Areas in Buffalo MSA
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duration of living in high poverty neighborhoods. (Chetty and Hendren 2018; and Chetty, Hendren, and
Katz, 2016). The residential relocation of a young person from a high poverty neighborhood to a low poverty
neighborhood improved their educational and employment outcomes; the relocation of an adult from a high
poverty neighborhood to a low poverty neighborhood did not have significant impact on their educational
and employment outcomes.

The association between neighborhood poverty and individual current and long-term outcomes may be
due to two different mechanisms (Chyn and Katz, 2021). Neighborhood environments can have a causal
impact on adults and children; the other possibility there exists a non-random sorting of people who live in
high poverty census tracts (Oreopoulos, 2003; and Laliberte, 2021).

A myriad of demographic, socioeconomic, and political factors have been identified which contribute to
poorer central city neighborhoods with a high percentage of racial and ethnic minority residents increasing
their economic and social isolation. The research of Wilson (1987), Kasarda (1990), Massey and Denton

(1993) and others have identified and explored how deindustrialization, urban sprawl, the decline of blue-



collar manufacturing jobs, limited public transportation, and suburbanization of entry level employment
opportunities, and poorer quality inner city educational systems have increasingly led to the concentration

of minority residents in poverty-stricken neighborhoods.

EXPLORATORY SPATIAL DATA ANALYIS WITHIN A GEOSPATIAL ENVIRONMENT

Geospatial technologies are defined by three inter-related systems and tools that acquire, analyze,
manage, store, or visualize spatial data. The geospatial technology field is interdisciplinary and consists of
three areas: (1) geographic information systems (GIS); (2) remote sensing; and (3) global positioning
systems (GPS). Geographical Information Systems (GIS) has emerged as a mapping and spatial analysis
tool that is widely used in education, government, and industry to identify and solve spatial issues and
problems.

Geographical information systems (GIS) is one of the fastest growing segments of the computer
industry, ranging across disciplines from the physical sciences to city planning Pittman and Thrall (1991).
Managing the economic and social development of a nation, metropolitan area, city, or suburban area is a
complex and challenging endeavor increasingly relying on the integration of spatial statistics and GIS to
assist policymakers at all spatial levels to efficiently use scarce resources and develop greater
accountability in measurable outcomes (Li, Henry, & Davis, 1999).

GIS use in many organizations primarily revolves around basic map making and does not tap into the
full capacity of GIS to move beyond this basic function into a broader use of the technology in examining
patterns of economic, demographic, and socioeconomic change taking place at different spatial levels in
metropolitan areas. There has been a steady improvement in the inclusion of spatial statistics in GIS
software. Users of GIS-based spatial analysis tools must work across standalone programs, and this limits
the functionality and use of spatial statistics in organizations. A contributor to the limited use of exploratory
spatial data analysis (ESDA) methods within a GIS environment is the limited exposure of staffing to spatial
statistical methods. Boots and Okabe (2007) suggest that non-GIS specialists may find it more difficult to
determine the most appropriate tool for their analysis given the increased expansion of GIS based tools for
spatial analysis.

This paper focuses on the use and application of exploratory spatial data analysis (ESDA) methods in
identifying the spatial distribution of poverty in the Buffalo metropolitan area. ESDA is defined as the
collection of techniques to describe and visualize spatial distribution, identify atypical locations, discover
patterns of spatial association, and suggest different spatial regimes and other forms of spatial instability or
spatial non-stationarity as noted by Anselin (1993). ESDA should aim to: (1) describe spatial distributions;
(2) discovery of spatial association patterns; (3) identification of different spatial regimes; and (4) finally,
identification of spatial outliers (Anselin, 1993) and (Wilhelm & Steck, 1998).

Non-spatial statistical methods have three limitations that generated the need to develop alternative
statistical tools for use in spatial analysis using spatial data. These three limitations are: (1) spatial data

will show some degree of spatial dependence; (2) spatial data sets often are subjected to a modifiable areal



unit problem; and (3) the assumption of variable data stationarity are often violated across a study area and
fueled the development of exploratory spatial data analysis methods. (Unwin & Unwin, 1998).

ESDA covers a wide spectrum of research methods and techniques; ESDA statistics are grouped into
two classes: global and local. Global statistics are summary measures of an entire study region. These
global measures can be grouped according to the attribute data used in the analysis, for interval or ratio
scale data the following ESDA techniques are appropriate for Moran’s | or Getis-Ord G analysis.

Wong and Lee (2005) provide an overview of the major characteristics of these Global Moran | is an
inferential statistic that tests for global spatial autocorrelation in group level data; simultaneously using
location and attribute values. Global Moran | analysis determines if the spatial pattern is clustered,
dispersed, or random.

Results are interpreted in reference to a spatial null hypothesis. The null hypothesis is based on the
presumption that the attribute analyzed is randomly distributed in the study area. There are two
interpretations of a Global Moran | value: (1) if the p-value is not statistically significant, then you cannot
reject the null hypothesis that the observed spatial distribution is random; and (2) if the p-value is statistically
significant and the z-score is positive, then you may reject the null hypothesis, there is a greater probability
the spatial distribution of values is clustered.

Like Global Moran I, Getis-Ord General G is an inferential statistical test interpreted within the context
of a null hypothesis. The null hypothesis is no clustering of attribute values. A major difference in the
interpretation of the z-score of General G test from the Global Moran |. There are three possible General
G z-score interpretations: (1) the p-value is not statistically significant, and the null hypothesis is rejected
(2) the p-value is statistically significant and the z-score is positive. In this case, the null hypothesis is
rejected and there exists a clustering of “high” values in the dataset; and (3) the p-value is statistically
significant, and the z-score is negative; in this case, you may again reject the null hypothesis and there
exists a clustering of “low” values in the dataset.

Recent research in quantitative geography has placed a focus on identifying and understanding
differences across spatial data rather than similarities. The emerging emphasis on local ESDA statistics is
based on the idea that when analyzing spatial data, it might be incorrect to assume that the results obtained
from the whole data set represent the situation in all parts of the study area (Fotheringham, Brunsdon, &
Charlton, 2000). Wong and Lee (2005) note the limitations of global statistics in that a global value will
mask local variation in the data variable in the study area. To capture the variance in spatial autocorrelation,
local measures of spatial autocorrelation called Local Indicators of Spatial Association (LISA) are used.

The LISA family of indicators include “local” versions of Anselin’s (1995) Moran’s |, and Getis and Ord’s
(1992) Gi* (G-statistic). Local Moran’s | developed by Anselin (1995) is a local measure of spatial
autocorrelation in which spatial data are distributed so that high values are located near to other high values
and low values are near other low values. The G-statistic measures the concentration of low or high data

values; a large positive Z value indicates a concentration of large values close to one specified
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neighborhood (i.e., i) and a large negative Z value implies many small values close to neighborhood i. This
local statistical measure attempts to quantify local concentrations.

Two challenging elements of using LISA techniques are the identification of spatial neighborhoods and
the computation of spatial weights. Spatial weights play a critical role in computation of spatial statistics,
and there is no standard methodology used to identify and compute these weights. Spatial weights are
frequently misspecified by the overreliance on spatial weights that are empirically convenient but have no
obvious relationship to the structural dependence of the matrix (Getis & Aldstadt, 2004).

There are multiple methods used to define neighborhood matrices for use in spatial data analysis.? The
methods used are dependent on the type of spatial data used; for area data such as a census tract,
adjacency is more appropriate than distance to define neighborhoods (Wilhelm and Steck, 1998). Because
of the challenges in defining a spatial neighborhood and the limitations of using distance as a part of a
spatial weight it is best to use two or more different spatial weight schemes to assess the robustness of the
local spatial indicators used in the spatial analysis. This paper took this common approach and used two
weighted matrices: (1) contiguity (edges only); and (2) inverse distance. The ESDA analysis in this paper
is based on using a contiguity spatial weight matrix® . Unlike an inverse distance with its spatial weight
decreasing as the distance between census tracts increases; a contiguity spatial weight defines neighbors
by shared census tract boundaries. Wong and Lee (2005) suggest using different spatial autocorrelation
statistics in spatial analysis to capture different aspects of spatial autocorrelation in the data.

This paper uses both global and local indicators of spatial analysis (LISA) as a means of developing a
comprehensive understanding of the changing concentration and distribution of poverty in the Buffalo
metropolitan area. This paper uses a commonly available commercial GIS software program to conduct
exploratory spatial data analysis (ESDA), ESRI's ArcPro is a leading desktop platform GIS software
program that has ESDA capabilities.*

EXPLORATORY SPATIAL ANALYSIS OF INTRA-METROPOLITAN POVERTY IN THE BUFFALO MSA

Poverty in the Buffalo MSA differs by intra-metropolitan location (Table 1). Historically, cities in the
Buffalo metropolitan area experience the highest poverty rates; poverty rate in cities increased at a more
rapid pace during the 1980s and 1990s and by year 2000 was almost double the poverty rate of the
metropolitan area. There has been an increase in the poverty rate in inner and outer ring suburban areas
in the Buffalo metro.

The American Community Survey (ACS) provides margin of error data that allow for constructing
confidence intervals at the 90% confidence level (Field, 2009). Tables 1-1B highlights the intra-metropolitan
poverty rate confidence intervals at four spatial scales: the Buffalo MSA; cities, inner ring, and outer rings
areas in the Buffalo metropolitan area The lower bound confidence interval ranges are different across the
four spatial levels; the cities’ lower bound range is approximately four times the inner ring lower bound
range and four to five times the outer ring range. The upper bound descriptive analysis of the intra-

metropolitan poverty data highlights upper bound ranges that are different; the cities’ upper bound values
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are from twice to three times the inner and outer ring upper bound values. A two-step testing approach

was used in the analysis.

Table 1. Buffalo MSA Intra-metropolitan Poverty Rate Confidence Intervals: 2008-2012

Lower Bound Mean Upper Bound
Buffalo MSA 8.99% 13.99% 18.29%
Cities 18.86% 25.07% 31.17%
Inner Ring 4.64% 8.96% 12.74%
Outer Ring 4.23% 7.23% 9.94%

Table 1A. Buffalo MSA Intra-metropolitan Poverty Rate Confidence Intervals: 2013-2017

Lower Bound Mean Upper Bound
Buffalo MSA 9.67% 14.62% 18.88%
Cities 19.81% 26.74% 32.32%
Inner Ring 5.70% 9.66% 13.09%
Outer Ring 3.92% 6.69% 9.19%

Table 1B. Buffalo MSA Intra-metropolitan Poverty Rate Confidence Intervals: 2018-2022

Lower Bound Mean Upper Bound
Buffalo MSA 8.00% 13.61% 17.91%
Cities 16.49% 24.04% 29.42%
Inner Ring 4.32% 8.92% 12.49%
Outer Ring 4.29% 7.50% 10.09%

Source:U.S. Census Bureau. Poverty Status in the Past 12 months, 2008-2012, 2013-2017, 2018-2022 American

Community Survey 5-year estimates [Table S1701] @ 90% confidence level

of the exploratory spatial data: (1) test for spatial autocorrelation using Global Moran’s I; and (2) based on
the global spatial autocorrelation result, test for local spatial autocorrelation.

Global Moran | analysis (Graph 1) shows within the Buffalo MSA there exists a non-random clustering
of census tract poverty rates. Global Moran | index values for each study period had p-values that were
statistically significant and their respective z-scores were positive leading to a rejection of the null
hypothesis of a random distribution of census tract poverty rates in the Buffalo MSAS.

A limitation of Global Moran | analysis is its inability to spatial identify within the spatial boundary where
spatial clustering exists. Local Moran | analysis is needed to identify within a spatial boundary the location
of spatial clustering of spatial data. Local Moran | is the “local” version of Global Moran I; developed by

Anselin (1995) measures spatial autocorrelation of spatial data identifying the location of high values.
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Graph 1. Buffalo MSA Global Moran I: 2008 - 2022
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located near other high values and/or low values. An important application of Local Moran | is the
identification of spatial clusters or spatial outlier.

Local Moran | analysis of Buffalo MSA census tract poverty rates consistently reveals statistically
significant concentration of higher poverty rate census tracts in the cities of the metropolitan area;
specifically, the city of Buffalo, NY. The suburbanization of people in the Buffalo MSA has also begun to
reveal movement of higher census tract poverty into inner ring suburban areas. Examination of the
distribution of poverty census tracts using Local Moran | reveals a shifting distribution of high poverty census
tracts in the inner ring suburban areas. In 2013-2017 and 2018-2022 study periods, clusters of high poverty
census tracts began to appear in the inner ring suburban area as shown in Map 2.

Local Moran | analysis provides additional spatial census tract poverty distribution information that
would be obscured using traditional distribution metrics such as confidence intervals highlighted in Tables
1-1B. In 2008-2012, a spatial concentration of high poverty census tracts appeared in the inner ring
suburban area in the Buffalo MSA. Local Moran | analysis in 2018-2022 shows a decrease in the number
of high-high poverty census tracts in the inner ring suburban area.

Analysis of local spatial autocorrelation should incorporate more than one spatial autocorrelation
method. This paper uses an additional local spatial autocorrelation method to conduct spatial sensitivity
analysis; Getis-Ord Gi*.

Getis-Ord Gi* the G-statistic (also known as Hot Spot Analysis) measures the concentration of low or
high data values; a large positive Z value indicates a concentration of large values close to one specified

neighborhood (i), and a large negative Z value implies many small values close to neighborhood i.
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Map 2: Local Moran | and Gi* (Hot Spot Analysis): 2008-2012
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Map 3: Local Moran | and Gi* (Hot Spot Analysis): 2018-2022
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Table 2. LISA Mean Poverty Rates: Cities and Inner Ring Areas in Buffalo MSA: 2008-2022

Local Moran | Getis-Ord Gi* Mean
Cities 2008-2012 33.77% 30.31% 25.70%
Cities 2013-2017 36.05% 27.23% 26.74%
Cities 2018-2022 32.51% 28.35% 24.04%
Inner-Ring 2008-2012 18.77% 10.36% 8.96%
Inner-Ring 2013-2017 24.28% 11.12% 9.66%
Inner-Ring 2018-2022 16.73% 10.31% 8.92%

Source: Author’s computations

Getis-Ord Gi* determines hot spots (high value clusters) or cold spots (low value clusters) by including
the target features values in the analysis. The difference in identification of high census tracts poverty
clusters is visually striking in comparing Maps 2 and 3. Hot spot analysis identifies more census tracts in
the inner ring suburban area in 2008-2012 and 2018-20226.

Comparison of LISA computed poverty rates in Table 2 for cities and inner ring areas show the poverty
rates for cities and inner-ring areas derived from Local Moran | and Gi* were higher than the mean for these
locales. Local Moran | and Getis -Ord Gi* analysis visually show the spread of higher poverty census tracts
into non-central city areas. The mean census tract poverty rates of these high-high clusters varied by time
increasing between 2008-2017 for both spatial measures and then decreasing in 2018-2022.

Across the study period 2008-2022 there were no spatially clustered high poverty census tracts in the
outer ring suburban areas in the Buffalo metropolitan area identified using Gi* or Local Moran | analysis.
The increase presence of relatively higher poverty rates and the spatial clustering of poverty in inner ring
suburban areas in the Buffalo MSA should be a call to action to public policymakers, academics, and
community organizations alike that intra-metropolitan initiatives and cooperations across political
boundaries will increasingly need to be the foundation of initiatives and policies to reduce the incidence of
intra-metropolitan poverty. Further research on the incidence of intra-metropolitan poverty will need to
explore the spread of poverty within the lenses of race, gender, and age which this initial exploration did
not do.

Notwithstanding the mentioned limitations of computing poverty and the need to have additional poverty
measurements, using exploratory spatial data analysis within a GIS environment provides an important set
of spatial tools to understand the spatial nuances of intra-metropolitan poverty analysis.

An important initiative that will need to be undertaken is to provide access to exploratory spatial data
analysis training so that those organizations involved in poverty research can use this tool and spatial
techniques in identifying and modeling the spread of poverty and working on development of policy

initiatives to reduce the incidence of intra-metropolitan poverty.
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CONCLUSION

Exploratory spatial statistics within a widely available GIS program such as ArcGIS Pro can provide
policymakers and others with access to spatial information that provides spatial nuance to the examination
of poverty and the distribution of poverty in metropolitan areas. It will become increasingly important for
policy makers to explore policy analysis within an intra-metropolitan landscape to address the spatial
distribution of poverty, the contributing factors to poverty and hopefully public and private policies to reduce

the incidence of poverty in metropolitan areas such as the Buffalo metropolitan statistical area.

ENDNOTES

1 Maps throughout this paper were created using ArcGIS® software by Esri. ArcGIS® and ArcMap™
are the intellectual property of Esri and are used herein under license. Copyright © Esri. All rights reserved.

For more information about Esri® software, please visit www.esri.com.

2 (Getis & Aldstadt, 2004) identify eleven spatial weight matrix schemes: (1) spatial contiguous
neighbors; (2) inverse distances raised to some power; (3) lengths of shared borders divided by the
perimeter; (4) bandwidth as the nth nearest neighbor distance; (5) ranked distances; (6) constrained
weights for an observation equal to some constant; (7) all centroids within distance d; (8) n nearest
neighbors; and three newer schemes : (9) bandwidth distance decay; (10) Gaussian distance decline; and

(112) “tri-cube” distance decline function.

8 There was no statistically significant difference in the ESDA analysis using either spatial weight

scheme. Projected coordinated system: NAD 1983 UTM Zone 17N; Projection: Transverse Mercator

4 ArcGIS Pro/Desktop: Esri Inc. (2024). ArcGIS Pro (Version 3.4) [Software]. Redlands, CA: ESRI, Inc.

52008-2012 Global Moran | index: .3126, z-score: 13.9773, p-value:0.000;2013-2017 Global Moran |
Index: .3664 z-score: 15.9767, p-value:0.0000; and 2018-2022 Global Moran | Index: .3353, z-score:
16.0936, p-value: 0.000. There was no significant change between the 2008-12 and 2013-2017 LISA
analysis; and thus the 2013-2017 LISA results are not shown.

6 2008-2012 Local Moran | census tracts: 93.01,102.02,101.02,103,104,109.02; Gi* census tracts:
79.02,79.03,79.04,80.01,80.02,80.03,81.01,81.02,82.02,85,86,87,88,92,93.01,93.02,94.01,95.01,99,100.
03,101.01,101.02,101.03,102.01,102.02,103,104,105,106,107,108.08,109.01,109.02,110,111,113,114,11
5,113,117. 2018-2022 Local Moran | census tracts:93.01,101.02,102.02,103,104,109.02; Gi* census tracts:
79.03,79.04,80.01,80.02,80.03,81.01,81.02,82.01,82.02,85,86,87,93.01,93.02,94.01,95.01,97.01,99,102.
01,102.02,103,104,105,107,108.08,110,111,113,114,115,117,120.01.
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Diversification In Electricity Price And Volume Swaps

Matthew Brigidal, David Brigida?, Kathleen Maceyka?®

ABSTRACT

This analysis determines the effect of diversification on portfolios of retail electricity price and volume swaps. These
contracts are used by municipalities to provide fixed costs to customers and enable greater renewable generation.
Power marketing firms often pay the floating generation cost. We find very limited benefits to diversification for power
marketing firms providing these swaps within the NEPOOL region. This evidence supports a long/short swap strategy,

or diversification across wide geographic regions.

JEL Codes: G12; G10
Keywords: Electricity Derivatives; Renewable Energy

INTRODUCTION

In deregulated wholesale electricity markets prices fluctuate freely given market conditions for electricity
supply, demand (load) and transmission congestion. However, many purchasers of wholesale electricity,
such as municipalities, prefer price certainty. Given this preference, many power marketing firms offer fixed
for floating electricity swaps, often also including a given proportion of renewable generation. These swaps
are analogous to other types of swaps (such as interest rate swaps) except that the swap volume is
unknown. Therefore, electricity swaps allow wholesale electricity customers to pay a fixed price for their
uncertain electricity demand. This is like an interest rate swap with a fluctuating notional amount. This latter
aspect of electricity swaps makes them particularly difficult to value and hedge.

In this analysis we test whether power marketing firms can reduce risk for consumers by entering into
fixed for floating electricity swaps across various electricity markets. That is, we estimate the effect of
geographic diversification of electricity swaps. If diversification is an effective means to reduce risk, power
marketing firms will be able to offer a greater number of these swaps. Thus, our analysis contributes to the
literature on methods to provide stable electricity prices to end consumers, thereby facilitating economic
growth.

Valuation of these swaps is an active area of research. Difficulties arise from both the unique behavior
of electricity prices as well as the uncertain volume of the contract. A step toward such valuation is Nazar

et al. (2018), which created a method to simultaneously forecast both power and load. Our present analysis
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adds to the literature not by valuing individual contracts, but by determining how a portfolio of these
contracts behaves. Is there a substantial diversification benefit, and over how wide of a geographic region
must a power marketing firm diversify?

Anderson et al. (2007) discuss the important role forward contracts play in electricity markets. Benth
and Koekebakker (2008) use a Heath-Jarrow-Morton approach to model fixed-for-floating electricity price
swaps to some success. Note, in this analysis the size of the swap (megawatt hours) is fixed. Kemper et
al. (2022) price derivatives based on electricity swaps in an arbitrage-free framework by introducing a
market price for the delivery period of the electricity swap. Kemper and Schmeck (2023) price electricity
swaps where the payoff is a geometric average. Our analysis complements the theoretical literature by
using an empirical approach to focus on portfolios of contracts rather than individual contracts themselves.

Frestad et al. (2010) find evidence of substantial risk-premia in short-dated swaps on Nordic
exchanges. They also find evidence that daily swap returns exhibit significant kurtosis, but little skewness.
Similarly, Blanco et al. (2018) find evidence that electricity swap Value-at-Risk (VaR) estimates
underestimate tail risk if a Normal distribution is used. Pefia et al. (2020) determine that, at least with respect
to electricity futures, decent VaR estimates can be made with a GARCH(1,1) model with Student-t errors.

Further, our present analysis contributes to risk-management and mitigation by investigating the effect
of diversification in electricity swaps. In addition to lessening risk, portfolios tend to have return distributions
that are closer to the Normal distribution when compared to single asset return distributions.

There is a substantial amount of research on how to incorporate intermittent renewable energy into
deregulated power markets. Lai et al. (2021) investigate a portfolio hedging strategy for natural gas
generators in the presence of intermittent renewable energy. lhlemann et al. (2022) highlight the benefits
of balancing power capacity markets across borders—thereby diversifying across a larger region. Zeynali
et al. (2021) investigate the power price effect of coordinating wind generation with electric vehicle charging.
Successful integration of renewable energy has a positive effect on regional economic growth. Gonzalez
and Alvarez Alonso (2021) discuss the effect of power market integration on industrial power prices.

The remainder of this paper is organized as follows. Section 2 describes the swap contract, and Section

3 covers our dataset and empirical methods. Section 4 presents results and Section 5 concludes.

SWAP DESCRIPTION

The contract is a fixed for floating power swap, and is based on contracts presently being traded by
power marketing firms and municipalities. The contract has the following characteristics:

* Revenue per MWh supplied is fixed.

»  Cost of supplying power is floating.

e Amount of power supplied is floating.

» Customers can migrate onto and away from the load that must be served.

We can write the payoff on the contract as:
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Profit = (P = X)Tmwn

where P is the power price in $/MWh, X is the price for which we must deliver power in $/MWh, and T

is the amount of power we must deliver in MWh. Further:
TMWh = f(E, |)

where E and | denote weather and migration respectively. Migration itself is a function of the power
price. If the retail power price increases, then consumers migrate to the fixed contract, and they leave the

fixed contract as the price decreases.

The Effect Of Load Changes On Profit

A load increase will increase the cost of power, reducing profit per MWh. In addition there is lower profit
(or a loss) on a larger amount of MWh. Thus, load increases tend to lower profit.

Alternatively, a decrease in the load will lower prices and increase profit per MWh. However this
increased profit will be earned on fewer MWh, so ultimately, it is unclear whether total contract profit will
increase or decrease.

Thus the contract tends to earn the most profit when load and power prices do not deviate much from
those specified in the contract. The contract then has an analogue in the butterfly, and short straddle option
spreads. In this analysis, we set the fixed contract price as the average price of power in the year prior and

discount it by a 15% cost of capital.

DATA AND METHODS

Our analysis uses monthly Real-Time Locational Marginal Prices (RT-LMP) ranging from January 2016
to February 2022, for 74 total months. Our RT-LMP cover each region in the area overseen by the New
England Independent System Operator (ISO-NE). These regions are: Maine, Connecticut, Vermont, New
Hampshire, Rhode Island, South-East Massachusetts, North-East Massachusetts, and West-Central
Massachusetts. Data are gathered directly from ISO New England's ISO Express data service.! Summary
statistics of the swap contract changes calculated using each region's RT-LMP are in Table 1 below.

Table 1. Summary Statistics: Real-Time Monthly LMP Changes By Region In $/MWh, January 2016
Through January 2022 Inclusive.

ME NH VT CT RI SEMA  WCMA NEMA
Count 73.00 73.00 73.00 73.00 73.00 73.00 73.00 73.00
Mean 1.73 3.28 1.32 3.42 3.50 3.52 3.27 3.32
Std. Dev. 396.04 84.78 59.92 90.14 73.97 80.76 103.25  129.29
Minimum -2354.74 -207.97 -195.96 -289.89 -231.78 -202.51 -330.64 -479.08
25% -33.82 -38.49 -29.90 -27.09 -42.67 -40.24 -35.88 -45.76
50% 1.17 0.11 -1.42 0.64 0.86 -0.88 0.44 5.79
75% 21.52 24.86 30.71 38.02 43.52 36.81 44.46 39.89
Maximum 232253  207.61 187.38 295.33 25435 298,51 337.05 606.29

Notes: ME = Maine, NH = New Hampshire, VT = Vermont, CT = Connecticut, Rl = Rhode Island, SEMA = South-East
Massachusetts, WCMA = West-Central Massachusetts, NEMA = North-East Massachusetts.
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Table 2. Correlation Matrix: Real-Time Monthly LMP Changes.
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ME NH VT CT RI SEMA  WCMA NEMA
ME 1.00 0.09 0.05 0.02 0.05 0.06 0.05 0.03
NH 0.09 1.00 0.72 0.62 0.57 0.50 0.55 0.49
VT 0.05 0.72 1.00 0.41 0.45 0.35 0.37 0.41
CT 0.02 0.62 0.41 1.00 0.78 0.61 0.92 0.85
RI 0.05 0.57 0.45 0.78 1.00 0.70 0.77 0.69
SEMA 0.06 0.50 0.35 0.61 0.70 1.00 0.65 0.58
WCMA 0.05 0.55 0.37 0.92 0.77 0.65 1.00 0.90
NEMA 0.03 0.49 0.41 0.85 0.69 0.58 0.90 1.00

Notes: Region abbreviations are defined in the notes to Table 1.

The correlation coefficients between ISO-NE locations range from 0.02 between Connecticut and

Maine, to 0.92 between Connecticut and West-Central Massachusetts. Generally, Maine has the smallest

correlation with the rest of New England. This makes Maine attractive for diversification, however Maine

also has the highest volatility.

Results from Jarque-Bera tests for Normality are in Table 3 below. Over each region we reject the null,

which is evidence that the price difference series do not have skewness and kurtosis consistent with the

Normal distribution. Notably, however, electricity returns (over periods with positive prices) also generally

fail Normality tests, as do individual stock returns. Additionally, mean-variance optimization is appropriate

with non-Normal returns assuming market participants have quadratic utility—that is, their utility functions

do not include 3rd or higher moments.

Table 3. Jarque-Bera Test For Normality Results.

ME NH VT CT RI SEMA WCMA NEMA
JB statistic 2972.29 4.67 12.84 28.05 9.19 17.00 36.42 203.31
p-value 0.00 0.10 0.00 0.00 0.01 0.00 0.00 0.00

Notes: Region abbreviations are defined in the notes to Table 1.

RESULTS

Single Zone Results

Below we provide results for each zone, and long-only and long-short portfolios across all zones. We

use the Sharpe Ratio to evaluate portfolio performance because it is the most widely used risk-adjusted

measure.
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Table 4. Contract Percentage Profit, Individual Zone Data.

Zone Mean Return Standard Deviation Sharpe Ratio
Maine 1.11 1.09 1.02
New Hampshire 0.72 0.15 4.64
Vermont 0.76 0.25 3.04
Connecticut 0.70 0.23 3.09
Rhode Island 0.69 0.17 3.95
SE Massachusetts 0.76 0.26 2.99
WC Massachusetts 0.71 0.17 4.24
NE Massachusetts 0.75 0.38 2.00
Average 0.78 0.34 3.12

Notes: Mean returns and standard deviations are stated as decimal fractions. The Sharpe Ratio is the mean return
divided by the standard deviation of returns. The final row is the equally weighted average across the eight zones.

The Sharpe Ratio for Maine is the lowest at 1.02. The Sharpe Ratio for New Hampshire is the highest
at 4.64. These Sharpe Ratios are relatively high and reflect our construction of the contract—Sharpe Ratios

would likely be lower if we did not reset the contract costs after each year.

Portfolio Results

We construct both long-only and long-short portfolios. Typically power marketing firms take the long
side of these contracts, and municipalities and other sources of load take the short side. That said, through
trading with other power marketing firms, it is possible for a firm to take a short position. It may be realistic,
however, to limit the amount which can be sold.

We calculate mean-variance optimal portfolios by maximizing the Sharpe ratio (using Martin, 2021).
This method assumes quadratic utility or asset returns are Normally distributed (or a member of the elliptical
family of distributions). That is, we assume investors are indifferent to the third, and higher moments of the
return distribution. This assumption is common when dealing with stock portfolios, despite evidence that
stock returns may exhibit significant skewness and kurtosis. The assumption is likewise troublesome when

applied to electricity returns and the returns on our swap contracts.

All Zone Portfolio
Below are results for long-only and long-short portfolios. A long-only portfolio is more consistent with
the role of a power-marketing firm, however these firms are able to enter the short side of the swap contract

(buying rather than supplying power).

No Shorting

Our long-only portfolio has a Sharpe ratio of 4.58, which is slightly less than the maximum Sharpe ratio
across individual regions (New Hampshire has a Sharpe ratio of 4.64). It is, however, greater than the
average Sharpe Ratio over all regions (3.12). Somewhat counterintuitively, mean-variance optimization

allocated most of the portfolio to West-Central Massachusetts and Rhode Island, with a 0% weight to the
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region with the highest Sharpe Ratio (New Hampshire). Again these are high Sharpe ratios and should only

be compared to each other given the assumptions made in the contract construction. Portfolio performance

is reported in Table 5, and the region weights in Table 6.

Table 5. All Zone Portfolio Performance, Long-Only Portfolio (Weights Unconstrained).

Table 6. Region Weights In The Long-Only Portfolio (Weights Unconstrained).

Return

Notes: The solid line is the efficient frontier constructed from the eight ISO-NE zone swap contracts. Points denote

Statistic Value
Expected Return 73.94%
Standard Deviation 15.70%
Sharpe Ratio 4.58

Region Weight
Maine 8.09%
New Hampshire 0.00%
Vermont 0.00%
Connecticut 0.00%
Rhode Island 22.21%
SE Massachusetts 0.00%
West-Central Massachusetts 69.70%
NE Massachusetts 0.00%

Figure 1. Efficient Frontier For The Long-Only Portfolio.
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Long-Only Weights Constrained To 20%

In the above long-only portfolio 5 regions have 0% weights, and approximately 70% of the portfolio is
in West-Central Massachusetts. Since many power marketing firms have internal rules regarding maximum
exposure to any given region or contract, it makes sense to additionally restrict the weight of each region.
In Tables 7 and 8 we provide a long-only optimal portfolio with the maximum weight in any region
constrained to 20%.

Constraining the weights to a maximum of 20% lowers the Sharpe Ratio to 3.95 from 4.58 in the long-
only portfolio. The reduction in the Sharpe Ratio is due to an increase in the portfolio standard deviation
from 15.70% to 18.47%. The expected return increased with the additional constraints. With the additional

20% constraint, only two regions (Vermont and NE Massachusetts) receive a 0% weight.

Table 7. All Zone Portfolio Performance, Long-Only Portfolio (Weights Constrained To 20%).

Statistic Value
Expected Return 74.99%
Standard Deviation 18.47%
Sharpe Ratio 3.95

Table 8. Region Weights In The Long-Only Portfolio (Weights Constrained To 20%).

Region Weight
Maine 8.35%
New Hampshire 20.00%
Vermont 0.00%
Connecticut 11.65%
Rhode Island 20.00%
SE Massachusetts 20.00%
West-Central Massachusetts 20.00%
NE Massachusetts 0.00%

Shorting Allowed

In the two portfolios below we allow the power marketing firm to take the short side of the contract.
Given the generally high correlations between the contract returns across regions, allowing shorting will
allow the portfolio standard deviation to be greatly reduced without lowering the mean return. That said,
traditionally power marketing firms are on the long side of these types of contracts, because they are
generally an arm of a power producer. The short side is typically a municipality or other load source.

Therefore, the ability to take the short side of these contracts may be limited.

Weights Constrained To 100%
Allowing up to 100% short positions results in a very low portfolio standard deviation and high Sharpe
Ratio at 1.75% and 34.39 respectively. The optimization took advantage of the high positive correlations

and allocated negative weights of approximately -82%, -92%, and -100% to New Hampshire, South-East
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Massachusetts, and North-East Massachusetts respectively. This is evidence that geographically
constrained power marketing firms should consider shorting these swap contracts to the extent that it is

allowed by the market and corporate policy.

Table 9. All Zone Portfolio Performance, Full-Shorting-Allowed Portfolio (Weights Constrained To 100%).

Statistic Value
Expected Return 62.30%
Standard Deviation 1.75%
Sharpe Ratio 34.39

Table 10. Region Weights In The Shorting-Allowed Portfolio (Weights Constrained To 100%).

Region Weight
Maine 1.39%
New Hampshire -82.03%
Vermont 72.57%
Connecticut 100.00%
Rhode Island 100.00%
SE Massachusetts -91.93%
West-Central Massachusetts 100.00%
NE Massachusetts -100.00%

Figure 2. Efficient Frontier For The Full-Shorting-Allowed Portfolio.
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Notes: The solid line is the efficient frontier constructed from the eight ISO-NE zone swap contracts when weights
may range from -100% to 100%. Points denote the individual zone contracts.
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Weights Constrained To 20%

It is more reasonable for a power marketing firm to constrain the firm's exposure to a given contract
and market. The portfolio below constrains the weight in each region to between -20% and 20%. When
doing so the portfolio's Sharpe Ratio of 4.43 is slightly lower than the Sharpe Ratio of the long-only (but
otherwise unconstrained) portfolio (4.58). The only region shorted in the portfolio is North-East

Massachusetts, which had the lowest individual region Sharpe Ratio after Maine.

Table 11. All Zone Portfolio Performance, Shorting-Allowed Portfolio (Weights Constrained To 20%).

Statistic Value
Expected Return 73.96%
Standard Deviation 16.22%
Sharpe Ratio 4.43

Table 12. Region Weights In The Shorting-Allowed Portfolio (Weights Constrained To 20%).

Region Weight
Maine 6.52%
New Hampshire 20.00%
Vermont 13.48%
Connecticut 20.00%
Rhode Island 20.00%
SE Massachusetts 20.00%
West-Central Massachusetts 20.00%
NE Massachusetts -20.00%

CONCLUSION

In this analysis we have calculated returns on price and volume swap contracts which are often
provided by power marketing firms to municipalities. While these contracts may have a high Sharpe Ratio
individually, we have found evidence for the limited diversification potential on the New England I1SO for
these swaps. For a power marketing firm to limit risk within the ISO, they would have to construct long-short
power swap portfolios. This essentially means risk can only be allocated among similar firms, and therefore
does not reduce the risk held by the overall market participants.

This highlights the need for power marketing firms to be able to diversify across geographical markets.
This is often limited by differing power market structure and corporate policy. Therefore, we find support for
measures which allow power marketing firms to operate with greater geographic diversity. However, a
remaining question for future analyses is the extent to which greater geographic diversification can reduce
risk. Specifically, measuring the effect of adding contracts on the ERCOT (Texas) or CAISO (California)

operated electricity grids is a sensible area of future research.
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ENDNOTES
1. ISO New England ISO Express data service, https://www.iso-ne.com/markets-operations/iso-
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Comparative Analysis of Inflation Forecasting using Machine

Learning: Evidence from Selected G20 Countries

Rolando A. Santos?, Brian Sloboda?

ABSTRACT
With the recent trends in global inflation, much of the current research focuses on forecasting its future trajectory.

This paper analyzes contemporary inflation trends using data from selected G20 countries and applies machine
learning methodologies, specifically XGBoost and Facebook (also known as Prophet), to forecast future inflation. The
study compares the performance and efficiency of both models, highlighting the strengths and limitations of each. While
Prophet provides a valuable decomposition of historical inflation data, revealing seasonal spikes during specific months,
its forecasting accuracy is less robust than that of XGBoost. XGBoost consistently outperformed Prophet, showing a
significantly lower Root Mean Square Error (RMSE), particularly after hyperparameter tuning. Both models suggest a
slow upward trend in inflation for the short-run out-of-sample forecast; however, the more reliable projections are drawn
from XGBoost. The conclusions are aligned with the consensus on short-term inflation expectations for the selected

countries.

INTRODUCTION
Inflation forecasts are crucial for private sector and central bank decision-making. Policymakers must

decide how to address inflationary or deflationary pressures in advance, as monetary policy affects the
economy through transmission processes, often with a significant lag (Szafranek & Polski, 2017).
Numerous studies have been conducted with challenges that have accurately predicted future movements
in macroeconomic variables, particularly inflation. Several important studies have examined the relative
accuracy of inflation forecasts. Stock and Watson (2007) found that simple univariate models produce
strong comparative inflation forecasts for the United States, and models of unobserved components and
stochastic volatility produce reasonable estimates of inflation forecasts. Similarly, Faust and Wright (2013)
used opinions to estimate inflation, and opinions, such as those from the Federal Reserve or surveys of
inflation expectations, provide accurate estimates of inflation. More importantly, it is not surprising that these
results mostly pertain to a developed economy's stable economy, given that the conditional mean of inflation
was extremely persistent (Fuhrer, 2010; Wolters & Tillmann, 2015). On the other hand, if an economy is
experiencing volatility, these models may need to account for long-term deviations from steady-state values.
That is, a prediction near the historical mean would not be very accurate. As a result, low- and middle-
income nations may need to recalibrate their models to account for specific economic conditions such as
declines or higher inflation.

Inflation has been a focus of recent news around the world due to the global pandemic and other factors

that have contributed to it. In the US, recent news about inflation has been considered as good news as it
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recently decreased from a high of 9% to 2.4% (April 2025). In other countries, persistent inflation has been
a more significant problem, leading to regional slowdowns, such as in the European Union and certain
Asian countries. This paper aims to examine the future of global inflation in various selected G20 countries.
We looked at some trends and compared the forecasts of each country. By utilizing recent machine learning
technologies, two tools will be employed: XGBoost and Prophet. We examined the efficacy of each method

and outlined the advantages and disadvantages of using each approach.

THE EXISTING LITERATURE

Since Prophet and XGBoost are recent machine learning programs, there is a limited number of studies
that have been done for inflation forecasting. Menculini et al. (2021) demonstrated that various machine
learning techniques, including ARIMA, LSTM, and Prophet, were utilized to compare sales price forecasts
generated by an Italian food wholesaler, as a step towards automating pricing tasks typically performed by
a human workforce. The results indicate that ARIMA models and LSTM neural networks perform similarly
for the forecasting task under consideration. In contrast, the combination of LSTM (long-short term memory)
and CNNs (Convolutional Neural Networks) performs the best accuracy. However, Prophet performed the
least accurately but the most efficiently and easily (Menculini, 2021).

For neural networks analysis, Purnawansyah et al (2019) presented a prediction of the inflation rate in
Samarinda, East Kalimantan, Indonesia, using an intelligent algorithm known as Backpropagation Neural
Networks (BPNN). The results showed that the BPNN algorithm can be used as an alternative method in
predicting inflation rates to support sustainable economic growth and improve the welfare of the people of
Samarinda, East Kalimantan. In the study, inflation stability is a prerequisite for sustainable economic
growth, so it is expected to provide benefits to improve people’s welfare. In a similar paper on neural
networks, Choudhary & Haider (2012) used a combination of neural networks to forecast the monthly
inflation rates of 28 OECD member nations. In 45 percent of the nations, neural network models had
superior average performance, whereas in 23 percent, AR1 performed better. Ultimately, they propose
combining several network types into an ensemble to enhance the accuracy of these forecasting models.

Zahara & limiddaviq (2020) utilized Long Short-Term Memory (LSTM), a specialized type of recurrent
neural network (RNN), to predict inflation in Indonesia based on the exogenous daily online prices of thirty-
four food staples. They employed Recurrent Neural Networks (RNNSs) to forecast the Consumer Price Index
(CPI). Their empirical results indicated that the LSTM model, particularly when optimized with Nesterov-
accelerated Adaptive Moment Estimation (Nadam) resulted in a Root Mean Square Error (RMSE) of 4.088,
which outperforms machine learning methods used in their study. Using the LSTM, Almosova & Andresen
(2023) forecasted inflation. Random walk, seasonal autoregressive, Markov switching, and fully connected
neural network models were some of the baseline models compared. The LSTM results, compared to the
baseline models used in their analysis, showed that the root-mean-squared forecast was more accurate

than the other baselines.
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Garcia et al (2017) utilized machine learning (ML) methods in 12 different periods for inflation in Brazil.
The first forecast period is five days before the release of inflation statistics, and the twelfth forecast period
is 11 months and five days before the release of inflation statistics. In their work, the authors utilize various
macroeconomic variables (a total of 59 series), which reflect the state of the financial market, labor market,
balance of payments, and public debt of the country. Models are trained on a nine-year rolling window; the
RMSE and the MAE serve as criteria for the quality of the forecast. The authors used models: random-
walk, AR(p), LASSO, Random Forest as part of their analysis to compare different models. Their results
indicate that the Random Forest and the dynamic factor model perform better than the AR and RW (random
walk) model for overall forecasting horizons.

Another empirical approach in machine learning is the contraction or the shrinkage approach, which
the authors used to estimate inflation rates for the Turkish economy (Ozgiir & Akkog, 2022). Their empirical
results show that contraction approaches are superior in terms of variable selection, and the LASSO and
elastic net algorithms outperform econometric methods for Turkish inflation. These algorithms evaluate
energy production factors, a measure of the construction industry, the real effective exchange rate, and
indicators of the money market to identify which variables are most relevant for inflation predictions.
Baybuza (2018) used boosting and random forest models to estimate inflation in Russia, and his empirical
results outperform traditional models, such as random walk and autoregressive methods. His study utilized
support vector machines (SVMs), K-nearest neighbors (KNNs), random forests, neural networks (ANNS),
gradient boosting, and decision trees.

Medeiros et al. (2021) explored the application of machine learning techniques to forecast U.S. inflation
using hundreds of macroeconomic variables from the FRED-MD database. They assessed various machine
learning (ML) models, including Random Forests, LASSO, Ridge Regression, and ensemble methods such
as bagging and boosting, comparing their performance against traditional models like autoregressive (AR)
models and factor models. They found that machine models, particularly Random Forests, outperform
traditional models in forecasting inflation across different horizons. More importantly, they found that
random forests could capture the nonlinear relationships between various macroeconomic indicators and
inflation that traditional linear models miss. Like Medeiros et al. (2021), Rodriguez-Vargas (2020) compared
the performance of machine learning models against traditional univariate forecasting methods employed
by the Central Bank of Costa Rica. The Long Short-Term Memory (LSTM) neural network outperformed
other models, providing unbiased and precise forecasts, especially for horizons longer than one month.
The univariate K-Nearest Neighbors (KNN) model showed strong performance, followed by random forests
and extreme gradient boosting, though to a lesser extent.

The use of neural networks to forecast macroeconomic variables started in the 1990s, with the first
developments on the topic dating from the 1940s (McCulloch & Pitts, 1943; Hebb, 1949). The reason for
this rising popularity is that ANN pays particular attention to nonlinearities and learning processes, both of
which can help improve predictions for complex variables. The following are some of the early works that

utilize neural networks in macroeconomics. Tkacz and Hu (1999) forecasted Canada's GDP, while Stock

32



NEW YORK ECONOMIC REVIEW Volume 56, Fall 2026

and Watson (1998) compared the forecasting performance of univariate linear and non-linear models for
several macroeconomic series, finding that artificial neural networks performed poorly relative to linear
models.

Moshiri and Cameron (2000) forecasted inflation using neural networks, with 25 years of monthly data
available to them, which yields only 300 observations for the United States. Nakamura (2005) demonstrated
that applying early stopping close to local minima improves forecasting ability, a finding that had already
been suggested by Gonzalez (2000). Smalter Hall and Cook (2017) forecasted employment indicators
using several deep neural network architectures, including LSTM, and showed that these improve accuracy
for simpler configurations. However, they did not compare these forecasts to machine learning (ML)
methods but instead compared them only to other neural network models.

In brief, the studies discussed in this literature review regarding inflation forecasting reveal the accuracy
of various econometric models in predicting inflation in developed and developing countries. These studies
found that machine-learning models are more accurate. Despite the abundance of relevant exogenous
elements, the limitation of twelve-monthly observations per year restricts the selection of training instances.
Statistical metrics exhibit temporal changes, such as the average inflation rate, conditional volatility, and

persistence levels.

METHODOLOGY AND DATA SOURCES
Data Sources

The data included the following variables: Real GDP, industrial production, unemployment rate, retalil
sales, and federal funds rate, all measured monthly from January 1995 through May 2024. We chose time
period of January 1995 to May 2024 for the following reasons:

1. Comprehensive Economic Cycles: This period encompasses various significant economic cycles,
including periods of growth, recession, and recovery. Analyzing inflation during these diverse
phases allows for a more robust understanding of inflation dynamics and the factors influencing
them.

2. Major Global Events: The selected time frame includes critical global events, such as the Asian
Financial Crisis (1997), the global financial crisis of 2008, and the COVID-19 pandemic. These
events had profound effects on inflation and economic conditions worldwide, making it essential to
include them in the analysis to comprehend their long-term implications.

3. Data Availability and Quality: The selection also reflects the availability of reliable and consistent
data for the various economic indicators utilized in the study. This ensures the accuracy and validity
of the forecasting models applied.

4. Recent Trends: By extending to May 2024, the study captures the most recent trends in inflation,
particularly as countries continue to recover from the impacts of the pandemic and address
inflational pressures in a post-pandemic context. This helps in generating relevant insights for

policymakers and stakeholders in the current economic climate.
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The data were obtained from Trading Economics (https://tradingeconomics.com/). We used XGBoost
and Prophet for forecasting purposes and evaluated their performance as forecasting tools for countries
like the United States, Germany, China, and Australia. We selected the G20 to include a diverse mix of
both developed and emerging economies. This diversity allows for a comprehensive analysis of inflation
dynamics across varying economic structures, monetary policies, and stages of development. By focusing
on G20 countries, the our leverages the rich contrast in inflationary behaviors and responses to economic

shocks.

Boosting Methods

The data sources used in this model are the following: Inflation rate, GDP rates, interest rates, and
unemployment rates for six selected G20 countries (Argentina, China, Japan, UK, USA, and Germany).
This paper used two machine learning methods: XGBoost and FB Prophet. XGBoost is considered one
of the most efficient and best forecasting methods. In contrast, Prophet is efficient, especially in capturing
the trend and seasonal effects of the sample.

The first method used is Extreme Gradient Boosting, also known as XGBoost. XGBoost is a powerful
and robust machine learning algorithm that belongs to the family of gradient boosting algorithms. It is known
for its efficiency, scalability, and high predictive performance. In recent years, XGBoost has gained
popularity and achieved state-of-the-art results in various machine-learning competitions and real-world
applications. Here are some key features and concepts associated with XGBoost (Chen et al., 2015; Chen
& Guestrin, 2016).

 Gradient Boosting: XGBoost is based on the gradient boosting framework, which combines an
ensemble of weak prediction models (typically decision trees) to create a strong predictive model.
Gradient boosting iteratively adds new models to correct the errors made by previous models. The
models are trained sequentially, with each new model focusing on the residuals (the differences
between the predicted and true values) of the previous models.

» Regularization: XGBoost includes regularization techniques to prevent overfitting. Regularization
penalizes the loss function during training to discourage the model from becoming too complex.
This helps generalize to unseen data and improve the model’s performance.

» Gradient-Based Optimization: XGBoost employs a gradient-based optimization algorithm to
efficiently minimize the loss function and determine the optimal model parameters. It computes
gradients and uses them to update the model, thereby minimizing the loss. The optimization
algorithm also incorporates second-order derivatives to accelerate convergence and improve
accuracy.

» Ensemble of Trees: XGBoost builds an ensemble of decision trees, where each tree captures
different patterns and contributes to the final prediction. Decision trees are typically shallow, with
few levels (low depth), to reduce overfitting and improve interpretability. XGBoost also supports

various types of base learners, including linear models and decision trees.
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 Parallelization and Scalability: XGBoost is designed to be highly scalable and can efficiently
handle large datasets. It supports parallelization, both during the training of individual trees and
during the feature selection process, enabling faster training times, especially on systems with

multiple processors or in distributed computing environments.

Methodology of Prophet

Prophet is a forecasting algorithm developed by Facebook’s data science team in 2017. The algorithm
is designed to be scalable, fast, and accurate, making it suitable for a wide range of applications, from
predicting sales in e-commerce to forecasting weather patterns. It is built on Stan, a probabilistic
programming language that enables Bayesian inference. The model is not explicitly written as a
Generalized Additive Model (GAM), but Prophet is a type of GAM. The GAM is a prior placed on parameters
and updated using observed data, allowing for the quantification of uncertainty and flexible trend modeling.
The general model for GAM is

y()=g(®)+s(t)+h(t)+e:

where:

e y(t) is the observed time series data,

e g(t) represents the trend component,

»  s(t) accounts for seasonality,

» h(t) captures holiday effects,

* etisthe error term.

The trend component captures the overall direction of the time series, whether it is increasing or
decreasing over time. This component is modeled using a piecewise linear regression model, which allows
for flexibility in fitting the trend to the data. The seasonality component captures the periodic patterns in the
data, such as weekly or monthly trends. This component is modelled using the Fourier Series, allowing for
flexible modelling of different seasonal patterns.

The noise component captures the random fluctuations in the data that the trend or seasonality
components cannot explain. The Prophet uses a trend equation composed of multiple connected straight-
line segments, allowing the slope to change at specific points in time, known as changepoints. The trend

equation is

N N
9@ = <<k + zj:1aj(t)6j> t+ (m + ijlaj(t)(—saj)»

This trend equation works as follows. Before the first changepoint, the trend is linear with slope k. Then
at each changepoint, s;j: the slope changes by §;, so the total slope becomes k> &k. The second sum (offset
correction) ensures the continuity of the trend line. That is, the function stays smooth despite the changes

in the slope.
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Prophet uses a Bayesian framework to model the time series data. These equations allow Prophet to
model complex time series patterns while incorporating Bayesian priors for parameter estimation. By doing
so, the algorithm can generate probabilistic forecasts that provide a measure of uncertainty around the point
forecast (Zunic et al, 2020).

As mentioned, Prophet uses Bayesian inference to estimate the posterior distribution of the model
parameters using a Markov Chain Monte Carlo (MCMC) algorithm.i The Markov Chain Monte Carlo samples
the posterior distribution of the model parameters. The algorithm estimates the posterior distribution of the

model parameters using a likelihood function:

p(¥10)=M(t=1 to T)N(y(tlg(t).0

where y(t) is the observed value of the time series at time t, g(t) is the predicted value of the time series at
time t, o is the noise parameter, and © is the set of model parameters (including the trend and seasonality
components). The algorithm uses the likelihood function to compute the posterior distribution of the model
parameters using Bayes' Theorem:

N 1O
p(@ly) = p(y|0) >0

where p(8ly) represents the posterior distribution of the model parameters, p(y|©) denotes the likelihood
function, p(©) denotes the prior distribution of the model parameters, and p(y) denotes the marginal
likelihood (Khare, 2023).

Prophet, an open-source software developed by Facebook’s Core Data Science team, is a procedure
designed for forecasting time series data based on an additive model that fits nonlinear trends with yearly,
weekly, and daily seasonality, as well as holiday effects. It works best with time series that have strong
seasonal effects and several seasons of historical data. The Prophet model is robust to missing data and
shifts in the trend and typically handles outliers well. In this paper, Facebook’s Prophet tool is used to model
the dynamics of inflation, with and without the use of additional regressors, to generate monthly inflation
forecasts. It is worth mentioning that an empirical method is employed to incorporate domain knowledge

into the proposed framework, utilizing a method for adjusting model parameters (Zunic et al., 2020).

Rationale for Using XGBoost and Facebook Prophet in this Paper
Facebook Prophet was the main driver of this analysis despite the fact there are other ML

methodologies available. More importantly, Facebook Prophet was intentionally chosen for its usability and
effectiveness in handling time series forecasting. Facebook Prophet's design allows it to utilize the available
data without requiring imputation or complete datasets, which is useful when analyzing inflation trends that
may have irregularities in reporting. This robustness enables us to generate forecasts even when faced

with incomplete datasets, ensuring that the predictions remain reliable.
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Another significant feature of Prophet is its ability to generate uncertainty intervals for forecasts, which
provide a probabilistic interpretation of its predictions. These confidence intervals are crucial for inflation
forecasting, where policymakers and businesses must make decisions under uncertainty.

Additionally, the Bayesian framework used by Facebook Prophet enhances this capability by allowing
the model to incorporate prior distributions and the variability in the data. The latter adds a layer of
sophistication in capturing uncertainties that may derive from external shocks or changing economic

conditions.

Evaluation of the Forecasts
We used three performance metrics for measuring forecasting accuracy for each sample.
1. Mean Squared Error (MSE)
2. Root Mean Square Error (RMSE _
3. Mean Absolute Percentage Error. (MAPE)
The mean squared error (MSE) is a measure of the average squared forecast error that avoids the

problem of positive and negative forecast errors offsetting each other:
MSE = YL, e2/ n-k

The root mean square error (RMSE) is another measure that addresses the issue of positive and
negative errors canceling each other out. It is obtained by computing the square root of the average of the

squared forecast errors.

RMSE - 2 2:‘1(:l=k+1et2
N n—k

The results of each country are compared across forecasting methods. The lowest forecast error will
be used to calculate the out-of-sample forecast for each country. Since the regressors are unknown for
future forecasts, our forecasts are based on a univariate case. The parameters and coefficients are
irrelevant in FBPropet as what is more important is the overall evaluation metrics such as the mean square
error(MSE) and the root mean square error (RMSE). Furthermore, the actual out of data forecast will also

be presented in a graphical form to compare it with the actual results.

EMPIRICAL RESULTS

One unique feature of XGBoost (Extreme Gradient Boosting) is its ability to calculate feature
importance. Feature importance helps one estimate how much each feature of the data contributed to the
model’s prediction. After performing feature importance tests, we can determine which features have the
most significant impact on our model's decision-making. By removing features that have a low impact on
the model’s prediction and focusing on improving the more significant ones, one can significantly enhance

the model’s performance (Rathi, 2020).

37



NEW YORK ECONOMIC REVIEW Volume 56, Fall 2026

For example, the result below displays the plot of Japan’s feature importance,ii as shown in Figure 1. This
bar chart displays feature importance scores based on the F-score metric for an XGBoost model. It

highlights how often a feature is used to split the data across all boosting rounds.
The model has only three features: GDP (f0), Unemployment Rate (f1), and Interest Rate (f2). Since

this is a macroeconomic model, we assumed that these three factors can influence inflation (f4). The result

indicated that GDP (f0) is the most significant factor affecting the inflation forecast.

Figure 1: Feature Importance for Japan
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However, if we look at Argentina’s feature importance in Figure 2, the model has only three features:

GDP (f0), Unemployment Rate (f1), and Interest Rate (f2). Since this is a macroeconomic model, we

assumed that these three factors can influence inflation (f4). Figure 2 revealed that the Interest Rate (f2)

is the most significant factor affecting the inflation forecast for Argentina.

Figure 2: Feature Importance for Argentina
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Analysis of different economies reveals varying importance of different features. Developed economies
rely on economic performance indicators, such as GDP, whereas less developed economies, like
Argentina, consider interest rates as a good predictor of inflation forecasts. This predictor may help explain
why Argentina is more dependent on external debt compared to Japan.

To understand Prophet's decomposition and parameter analysis, we used the US sample data to
explain how it works. The idea behind Prophet is to model time series data as a combination of trend,
seasonality, and noise components. By decomposing the data into these components, the algorithm can
generate accurate forecasts that capture the underlying patterns in the data. For example, the result of the

decomposition for the United States data is shown in Figure 3.

Figure 3: Decomposition of the United States Data in Prophet

2.0 1
1.5 1
©
=4
[
5 1.0
0.5
0.0 - T T T T T T T T
1997 2001 2005 2009 2013 2017 2021 2025
ds
30%
20%
10% A
>
S 0%
Y]
>
-10% -
-20% -
-30% T T T T T T T
January 1 March 1 May 1 July 1 September 1 November 1 January 1
Day of year

50%
25% A

-25% 1
-50%

-75%

-100% A

extra_regressors_multiplicative

-125% T T T T T T T T
1997 2001 2005 2009 2013 2017 2021 2025

ds

39



NEW YORK ECONOMIC REVIEW Volume 56, Fall 2026

Analysis of Model Coefficients and Parameter Behavior
Before we analyze the results from the models, we look at the regressor coefficients and see how it

relates to inflation. These results are presented in Table 1

Table 1. Regression Coefficients from FB Prophet Model

Regressor Mode Center Coefficient Coefficient Coefficient
Lower Upper
0 USUNEM Multiplicative | 5.787 -.1103 -.1103 -.1103
1 USGDP Multiplicative | 2.470 .0090 .0090 .0090
2 USINT Multiplicative | 2.700 -.0507 -.0507 -.0507

The results of the coefficients indicated the impact of the regressor to the subject involved which is
inflation. For example, in the case of GDP, the greater the GDP, the higher is the inflation for the United
States.

For the parameter analysis we would focus on the seasonality prior scale and changepoint prior scale.
The parameter to be tuned is the seasonality prior scale, which controls the flexibility of seasonality. A large
value allows for significant seasonal fluctuation, while a low value shrinks the influence of the seasonality.
We used the default value of ten. The data shows an increasing trend over the sample time period. Inflation
in the US typically spikes in April and May. It eventually slows down in July and August, and then slowly
increases thereafter.

Prophet detects changepoints by first specifying many changepoints at which the rate is allowed to
change. It then applies a sparse prior to the magnitudes of the rate changes (equivalent to L1
regularization), as seen from the sharp decline in its regressors, particularly, which essentially means that
Prophet will use as few of them as possible. In the data for the United States, we saw the impact of the
COVID-19 pandemic, as seen from the sharp decline in its regressors, particularly GDP.

Creating an accurate and effective machine learning model to solve a problem is a key objective of any
Al project. To optimize the model, we need to tune its parameters and hyperparameters, a crucial step in
the process. This requires setting up key metrics and defining a model evaluation procedure. After
implementing the changes and conducting an evaluation, we determined if the performance of the machine
learning model has improved and whether we should use the updated version (Logunova, 2023).

In machine learning, parameters are the model’s internal coefficients or weights that are learned and
adjusted during the training process. They are estimated by fitting the training data to the model and are
subsequently used to make predictions on new data. Hyperparameter tuning is the process of selecting
the optimal values for the hyperparameters of a machine learning algorithm or model. It is a crucial step in
developing machine learning models. Hyperparameter tuning involves finding the optimal combination of
hyperparameter values that maximizes the evaluation metric. The goalis to find the set of hyperparameters
that enables the machine learning model to perform best on unseen data and not generalize well to new
examples. By carefully adjusting these hyperparameters, we aimed to enhance the model’s ability to make

accurate predictions and improve its overall performance (Logunova, 2023)
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Forecastability Analysis Using Back Testing Experiments

To calculate a reliable estimation of the expected level of forecasting accuracy in terms of percentage
error, an expanding window back testing strategy is implemented. Past conditions are simulated by setting
the present moment anywhere in the past, building a model using historical data to forecast future inflation,
and seeing how accurately it would have predicted actual data.

One can assume that, with sufficient repetitions of simulating past conditions, a highly reliable estimate
of the expected level of forecastability can be calculated without waiting for a new event to occur, allowing
for comparison with previously generated forecasts and concluding. To take into account yearly seasonality
effects, it is recommended to carry out at least 12 repetitions of back testing experiment with one month
step size should be done, which is the reason why the limit for the minimum length of observation horizon
is set to 39 months (i.e. at least 24 months of historical data is required for reliable estimation of trend and/or
seasonal effects, 12 months for repeated back testing experiments and three months of data to measure
accuracy of quarterly forecasts).

In this research, the back testing experiment is repeated 12 times with a one-month step size for items
selected from the country portfolio. At each step, a Prophet model is fitted to the historical data (i.e., the
observation horizon), and monthly sales forecasts for the next three months (i.e., the forecasting horizon)
are compared with the observed sales for the same period to calculate the percentage error (PE) for both
monthly and quarterly forecasts. Calculated as the mean squared error (MSE) over repeated back testing

experiments, which is used to quantify the expected level of forecasting reliability.

Comparative Performance Analysis of Forecasting Models
The summary of the metrics of each machine learning model is presented in Table 2:

Table 2: Evaluation Metrics of Accuracy of Each Forecasting Method

USA JAPAN | GERMANY | CHINA | UK ARGENTINA
XGBoost:
MSE 0 0.01 0.03 0.08 0.03 0.1
RMSE .04 0.1 0.016 0.29 0.16 0.31
FBProphet:
MSE 4.00 0.00 0.00 13.00 46.00 20.00
RMSE 4.00 0.00 1.00 4.00 7.00 4.00
FBProphet with
Cv*
MSE 1.00 0.00 0.00 8.00 0.00 13.00
RMSE 1.00 0.00 0.00 3.00 0.00 4.00
FBProphet
Tuned
MSE 18.00 0.00 0.00 14.00 46.00 20.00
RMSE 4.00 0.00 1.00 4.00 7.00 5.00

Notes: *CV is cross-validation
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The results indicated that MSE and RMSE using XGBoost are far superior to those of Prophet. Except
for Japan, the MSE and RMSE values are greater than one using Prophet in most countries. However,
XGBoost has a value of less than one. This suggests that using XGBoost is more efficient for forecasting
than Prophet.

The result of its efficiency metrics indicates an RMSE (root mean squared error) of 0.04. However, if
we look at Prophet’s forecast, the US forecast is far below efficient. We can see it from the MSE/RMSE;
the numbers are higher compared to the XGBoost models. Even with hypertuning under Prophet, the US
forecast did not perform as well as the XGBoost model. Of the five selected countries, Japan fared the
worst despite having hypertuned Prophet. Countries that performed well with hypertuning are China and
Argentina. With the hypertuned Prophet model, so far, it has been the best model forecasted for Argentina.
For example, an illustration of the result of the forecast with hypertuned parameters Prophet for Argentina,

is given in Figure 4.

Figure 4: Prophet Model for Argentina via the Hypertuning of Parameters
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Note: the yellow line is the out of sample forecast without hypertuning while the green line is the out of sample

forecast with hypertuning.

As a result of this analysis, we utilized the XGBoost model to forecast inflation beyond the sample time
period, as shown in Figure 5.
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The results indicated that future inflation forecasts in the United States remain around 2-3%, as shown
in Figure 6. However, the trend appears to be on the rise. We should expect inflation to remain above the
targeted rate, but not as high as it was compared to the previous year. Another interesting result of the
future forecast is Argentina. The results indicated an average inflation rate of 5%, which is conservative.
However, the trend in the forecast seems to be increasing. In both Prophet and XGBoost, the results are
consistent and efficient in terms of their forecast errors. Finally, Figure 7 from 1995 to 2009, the values
appear relatively stable, followed by a gradual increase with moderate variability. However, in 2019-2020,
there is a pronounced surge in the orange line, likely reflecting a shock from the COVID-19 pandemic. After

2020, there is a decline, possibly representing normalization or correction following the spike.

Figure 5: Forecasting Out of Sample for the United States Using XGBoost
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The Prophet model's green line closely shadows historical values with some smoothing, indicating a
good fit, especially in earlier years. However, the forecast flattens slightly toward the end, possibly because
Prophet emphasizes long-term trends and seasonality, and it may not fully account for abrupt anomalies
without exogenous regressors. This model appears well-suited for medium- to long-term patterns but may
underreact to short-term volatility. Finally, it does show the hypertuned parameter for the United States,

which shows that the forecast for inflation is also 2-3% into the future. Figure 8 shows a visible cyclical
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pattern repeated across the years, which Prophet is designed to model well. However, around 2019, the
orange line took off sharply, showing a dramatic change. The Prophet model (green line) effectively follows
this surge, suggesting it has been well-tuned with increased trend flexibility. This model for Argentina then
smoothed out noise and aligned quite closely with the actual data, especially after 2019 period. The latter

would be a sign of solid tuning to fit both trend and seasonality.

Figure 6: Future Inflation Forecasts for the United States
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Figure 7 shows the predictions from an XGBoost model applied to a time series dataset spanning the years

2000-2024. There are some interesting results from this analysis.

1. Long-Term Trend: The model captured a general upward trajectory in “y,” suggesting a consistent
increase over the 30 years. This could indicate a strong temporal component that XGBoost has

identified, even though it is not inherently a time series model.
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2. Model Performance: The close alignment between the predicted blue line and the actual black dots
in many regions implies that the XGBoost model has fit the data reasonably well. However, there

are some deviations, particularly around 2020, which is attributed to the COVID-19 pandemic.

Uncertainty Range: The shaded blue region reflects the confidence interval for the predictions. As

we move beyond the last observed point into the forecast range (past 2023), this region widens,
highlighting increasing uncertainty in the model’s future predictions.

Figure 7: Analysis of Forecasts based on XGBoost Model
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Figure 7: Prophet Hypertuned Forecast for the United States:
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Figure 8: Prophet Hypertuned Forecast for Argentina:
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CONCLUSION AND FINAL THOUGHTS

Prophet provided valuable insight into the historical inflation data by decomposing it into three key
components: trend, seasonality, and noise. This decomposition allowed for a clearer understanding of the
underlying patterns within the data. Notably, one interesting observation from this breakdown was the
seasonal rise in inflation during specific months of the year, which highlighted the model's strength in
revealing temporal dynamics. However, while Prophet was helpful for exploratory analysis and pattern
recognition, its forecasting performance lagged behind that of XGBoost in terms of accuracy.

When comparing the two models in forecasting U.S. inflation, both predicted a gradual and steady trend
in inflation for future out-of-sample periods. Nevertheless, XGBoost significantly outperformed Prophet, as
indicated by a much lower Root Mean Square Error (RMSE). This superior performance was further
enhanced by careful hyperparameter tuning, which contributed to the reduction in RMSE and improved the
overall forecast accuracy of the XGBoost model.

Beyond these metrics, the flexibility of XGBoost to handle complex interactions and non-linear
relationships among features gave it a notable advantage, especially when multiple, interdependent
economic indicators influenced historical inflation patterns. Additionally, XGBoost's ability to incorporate a
broader set of engineered features—such as lag variables, macroeconomic factors, and calendar effects—

allowed it to capture nuances that Prophet, with its default additive structure, might have overlooked.
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 Monte Carlo uses randomness to estimate values. A Markov chain is a sequence of possible events where the
probability of each event depends only on the state attained in the previous event, i.e., it has no memory. Then the
MCMC uses a Markov chain to generate samples from a probability distribution.

i Feature importance in XGBoost refers to scores that indicate how useful each feature was in building the decision
trees within the model. It is calculated by evaluating how often a feature is used in splits, how much it improves model
performance when used, or how many samples it covers. In summary, these scores help identify which features are
most influential in making predictions.
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Causal Diagrams and Structural Debriefing in Macroe  conomics: A

Literacy-Targeted Pilot Study

Oleg V. Pavlov !, Natalia V. Smirnova 2, Elena Smirnova 3

ABSTRACT

A literacy-targeted approach to economics instruction emphasizes depth over breadth, drawing on cognitive
science principles that highlight the role of schema construction in learning complex material. Building on this
perspective, we designed and implemented instructional activities that integrate causal diagrams with structural
debriefing, intended to support schema development while promoting deeper understanding of macroeconomic
concepts beyond traditional lecture-based methods. Results from the pilot implementation suggest that diagram-based
debriefing activities were associated with improvements in students’ ability to identify causal relationships. The
innovation of this paper lies in the instructor-ready materials provided, making it valuable to practitioners seeking

actionable teaching tools.

INTRODUCTION

Economic instruction often requires students to process complex models and relationships, yet
traditional lecture-based methods can overwhelm learners and limit deep understanding. Cognitive science
suggests that comprehension and retention depend on the construction and refinement of schemas, which
are networks of interconnected concepts that organize knowledge. Literacy-targeted teaching builds on this
insight by emphasizing deliberate practice and in-depth exploration of fewer topics to foster schema
development.

This paper contributes to the existing literature by providing a novel literacy-targeted approach to
economics instruction. We introduce a new method that integrates causal diagrams with structural
debriefing activities. Causal diagrams visually represent cause-and-effect relationships among economic
variables, offering students a tool for organizing material into coherent schemas. Structural debriefing
guides learners through analyzing these diagrams, reinforcing understanding of feedback loops and
multiplier effects.

Using a design-based approach, we implemented two pilot activities in an intermediate

macroeconomics course: one focused on the government-purchases multiplier and the other on the tax

1 Social Science and Policy Studies, Worcester Polytechnic I nstitute, opavlov@uwpi.edu
2 Department of Economics, University of Connecticut, natalia.smirnova@uconn.edu

3 Department of Management, Marketing and Finance, School of Business, State University of New York at Old
Westbury, smirnovae@ol dwestbury.edu
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multiplier. We report findings on student performance and feedback, demonstrating the potential of
diagram-based schema construction to enhance economic literacy.

The innovation and primary strength of this paper lies in its creative pedagogical design, the synthesis
of system dynamics with structural debriefing, and the instructor-ready materials provided, making it highly
valuable to practitioners looking for actionable teaching tools. This paper’'s primary contribution is a
pedagogical framework and an accompanying instructional activity, rather than an empirical study
establishing the causal efficacy of causal diagrams on learning outcomes. The quantitative and qualitative
results we report are intended to illustrate the framework’s use in practice rather than to serve as its
validation.

The remainder of this paper is organized as follows. The next section reviews innovations in economics
instruction, specifically a literacy-targeted approach to enhancing learners’ comprehension of the material.
We then introduce the concept of causal diagrams, outline our research method, and explain the design
process used to develop the instructional activities. Subsequent sections describe the implementation of
structural debriefing activities and present findings from classroom observations. The paper concludes with

a discussion of implications for economics education and suggestions for future research.

COGNITIVE FOUNDATIONS OF LITERACY-TARGETED TEACHING

Economics education has evolved through a range of pedagogical innovations aimed at improving
student engagement, conceptual understanding, and literacy-targeted instruction. The literacy-targeted
approach to economics instruction emphasizes depth over breadth, focusing on fewer topics to promote
conceptual clarity and retention (Goffe and Wolla, 2024). This approach draws on principles from cognitive
and learning sciences, including schema theory, constructivism, and deliberate practice.

Human cognitive architecture lies at the core of literacy-targeted teaching. Cognitive learning theory
uses that architecture to generate instructional hypotheses relevant to teaching (Sweller, 1999; Sweller,
2025). A student receiving and processing new material is constrained by working memory, which has
limited capacity and duration. Long-term memory, by contrast, has no known capacity limit: it stores domain-
specific knowledge structures, or schemas, networks of interconnected ideas, concepts, and procedures
that help learners organize, interpret, and retrieve information (Goffe and Wolla, 2024: p. 157; Kalyuga et
al., 2003).

Student comprehension of economic models depends on the development of these schemas, which
serve as cognitive structures for integrating new knowledge. According to constructivist theory, learners
actively build and refine schemas by connecting new ideas to prior knowledge (Ambrose et al., 2010). As
novices progress toward expertise, their schemas become more sophisticated and interconnected.

Deliberate practice complements this process by introducing instructional activities specifically
designed to strengthen schema formation (Goffe and Wolla, 2024: p. 159). Together, these principles
provide a foundation for literacy-targeted teaching strategies that aim to help students process complex

economic relationships through structured, schema-building exercises.
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Kalyuga, Ayres, Chandler and Sweller (2003) argue that the level of skills, knowledge, and learning
styles of students influence the method of instruction. For more experienced learners who rely on schemas
to process complex material, a guided approach to instruction may actually be detrimental, an effect the
authors term the Expertise Reversal Effect. It implies that to be efficient, the instructional activity has to be
tailored to the level of the student audience. Instructional techniques effective for novices, who have not
yet built the relevant schemas, may become redundant or even counterproductive for advanced students
who have. After sufficient practice, schemas can operate automatically, requiring minimal working memory,
and experienced learners are able to recognize a familiar pattern as a single schema rather than multiple
new pieces of information (Kalyuga et al, 2003: p. 24), reducing working memory strain.

For example, diagrams integrated with text explanations benefit inexperienced learners but prove
redundant for knowledgeable trainees (Kalyuga, Chandler and Sweller, 1998). Novices could not
comprehend diagram-only format and needed the accompanying text. By contrast, advanced trainees
ignored the redundant text and reported less mental effort when studying the diagram alone. This
observation is relevant to our paper since we introduce a novel causal diagram to represent the
government-purchases and tax multiplier effects.

In the following section, we describe how these principles informed the design of our instructional

approach, which integrates causal diagrams and structural debriefing into macroeconomics teaching.

METHOD

Research in cognitive science and education shows that students often fail to recognize complex causal
relationships when learning new material (Perkins and Grotzer, 2005; Grotzer, 2012; Sterman, 2010;
Sweller, 2025). We extend this observation to economics education, where understanding causal
complexity is critical for building coherent economic schemas. Introductory and intermediate economics
courses present students with numerous models and concepts, yet many struggle to connect these ideas
into an integrated framework (Goffe and Wolla, 2024).

To address this challenge, we designed and implemented a set of pedagogical activities that combine
causal diagrams with structural debriefing, helping students identify key variables and causal connections
within the models typically covered in a macroeconomics textbook and fostering schema construction. We
integrate these diagrams into the curriculum through structural debriefing activities, adapted to explain
causal relationships discussed in macroeconomic texts, visualizing economic variables and their
interrelationships as graphical diagrams. Each activity can be incorporated into traditional lecture-based
instruction: causal diagrams supplement textual explanations and conventional graphs, such as supply-
and-demand curves, by providing an additional visual representation of economic relationships.

To design and refine these activities, we employed a design-based research approach (Collins et al.,
2004; McKenney and Reeves, 2012). This iterative process allowed us to improve the activities based on
classroom observations, student performance, and feedback. Our aim was to create lesson plans and

materials that economics instructors could use without prior expertise in causal diagrams.
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The following subsections provide details on causal diagrams, structural debriefing, and the study

design.

Causal diagrams
Causal diagrams are simple yet powerful tools for representing cause-and-effect relationships.
Commonly used in systems thinking, system dynamics (Maani and Cavana, 2007; Sterman, 2000), and
artificial intelligence (Pearl and Mackenzie, 2018), these diagrams depict variables as nodes and causal
relationships as arrows. A positive arrow indicates that the cause and effect move in the same direction,
while a negative arrow shows an inverse relationship. The same conventions underline causal diagrams
used in feedback-based economic modeling, where reinforcing and balancing feedback loops help explain
the dynamic behavior of economic systems over time (Cavana et al., 2021).
Figure 1 illustrates how this notation can represent the two effects of price on revenue:
» Positive effect: Revenue per item sold increases with price, represented by a positive arrow.
Higher marginal revenue contributes to overall revenue, forming a causal chain of two positive
arrows that capture the combined positive effect of higher prices on revenue.
* Negative effect: A higher price reduces sales, shown by a negative arrow. Because sales and
revenue move in the same direction, the arrow between them is positive. This sequence of a
negative arrow followed by a positive arrow forms a negative causal chain, capturing the

negative effect of higher prices on revenue due to declining sales.

Figure 1: Example of a causal diagram illustrating the effect of price on revenue. The
diagram shows two causal chains: the positive effect (upper chain) and the negative
effect (via sales).

+  Revenue per

/ item sold \{

Price Revenue

\_s Sales /

Prior research demonstrates the effectiveness of causal diagrams in economics education. Jagerskog
and colleagues (2019; 2021a; 2021b) found that these diagrams help students achieve a deeper

understanding of economic material compared to traditional supply-and-demand graphs alone.

Structural debriefing

Debriefing generally refers to reviewing and analyzing an event, such as a business simulation, military
operation, or surgery, with participants who experienced it (Crookall, 2010; Lederman, 1992). Debriefing
activities often include discussion, journaling, analysis, personalization, and generalization of the

experience (Lederman, 1992).
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Structural debriefing is a specialized form of debriefing in which participants identify key variables,
discuss causal relationships among them, and connect system behavior to its underlying causal structure
(Pavlov et al., 2015). This method originated in the context of instructional simulations, where it was used
to help participants understand a simulation’s behavior in terms of its underlying causal structure, rather
than treating the simulation as a black box (Pavlov et al., 2015). Structural debriefing has been shown to
improve performance in instructional management simulations (Capelo and Silva, 2020; Capelo et al., 2021;
Capelo et al., 2024; Qudrat-Ullah, 2020) and educational video games (Kim and Pavlov, 2019; Pavlov et
al., 2019).

Study design

We adopted a design-based research methodology (Collins et al., 2004; McKenney and Reeves, 2012)
to conduct formative research aimed at validating and refining the activities. This approach allowed us to
adapt general principles to specific classroom contexts and reflect on emerging findings. After implementing
each activity, we analyzed classroom observations, student performance, and feedback, then iteratively
revised the materials.

Our research question was: How can instructors utilize causal diagrams and structural debriefing
activities for literacy-targeted instruction in a macroeconomics classroom?

In early discussions, we identified design principles for lesson plans that could be used by instructors
with no prior experience in causal diagrams. Key considerations included limited classroom time and
instructors’ unfamiliarity with the approach. We established the following design principles:

1. Develop self-contained activities for macroeconomic topics: We based our activities on
Mankiw’s Macroeconomics (2025), a widely used intermediate-level textbook. Although the
textbook builds concepts across chapters, we limited each causal diagram to a single topic
for simplicity. Activities were designed as standalone units, giving instructors flexibility in
selecting which to include.

2. Simplify tasks for students:  While structural debriefing can begin with a blank page, asking
students to identify variables and construct diagrams from scratch could be overwhelming.
To reduce cognitive load, each activity includes a causal skeleton, which is a diagram with
variables and undirected edges, providing a starting point for students.

3. Provide instructors with ready-to-use materials: To minimize adoption barriers, we

developed detailed lesson plans, slides, and assignments for each activity.

After reviewing the syllabus for an Intermediate Macroeconomics course taught by one of the authors,

we prepared debriefing activities for the government-purchases multiplier and the tax multiplier.

Activity 1 — Government-purchases multiplier: Figure 2 presents a causal diagram designed to

illustrate the government-purchases multiplier discussed in Mankiw's (2025) chapter on Aggregate
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Demand. The diagram includes eight key variables and eight causal connections, with only one negative
arrow representing the relationship between lump-sum tax (T) and disposable income (Y — T). The circular
causal connections form a positive feedback loop, indicated by a circular arrow with a plus sign in the
center. This feedback mechanism, explicitly described in Mankiw (2025), explains how the government-
purchases multiplier effect occurs. The diagram helps students visualize this feedback process and

understand its role in amplifying the initial change in government spending.

Figure 2 : The causal diagram for the activities on the multiplier effects.
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Activity 2 - Tax multiplier : The same causal diagram in Figure 2 is used for the tax multiplier activity.
In this activity, students explore how changes in tax (T) propagate through the system and affect other
variables. By tracing these causal pathways, students gain insight into the mechanisms underlying the tax
multiplier effect. All activity materials distributed to students, including worksheets and instructions, are

provided in the appendices at the end of this article.
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IMPLEMENTATION IN THE CURRICULUM

This section describes the implementation of structural debriefing activities during an Intermediate
Macroeconomics course at a large public research university. The course used Mankiw’s Macroeconomics
(2025) as the primary textbook. Activities 1 and 2 were combined and implemented during a single 75-
minute class session. Prior to these activities, the relevant textbook chapters were covered through

traditional instruction, including lectures and homework assignments.

Sample description

The course was a required “Quantitative Intermediate Macroeconomics” section, carrying a “Q”
designation for courses that emphasize the quantitative assessment of macroeconomic variables such as
GDP, business cycles, inflation, unemployment, and growth, and the empirical evaluation of fiscal and
monetary policy. Beyond exams and homework, the course includes a semester-long empirical research
project with peer review and an oral presentation component. Students who elect to enroll in a Q-designated
section are therefore likely to be more quantitatively inclined, on average, than students in a standard
intermediate macroeconomics course.

The class had 13 students in total: 5 master’s students and 8 undergraduates. This course was the first
required course in the accelerated master's program, so graduate students had only a marginal advantage
in preparedness, since much of the relevant material had to be recalled from undergraduate coursework
completed, in some cases, several years earlier. As a result, prior preparation was broadly comparable
across the two groups. The combination of undergraduate and master's students in a single section reflects
an administrative scheduling matter rather than any deliberate sampling design for this study.

Because participants were drawn from a single, quantitatively self-selected section at one university,
and because the sample was small (n = 13), the findings reported below should be interpreted as evidence
from a specific instructional context rather than as broadly generalizable to intermediate macroeconomics
students. We return to this limitation, along with the absence of a control group, in the Limitations and

Future Research section.

Treatment of the multiplier in other textbooks

The Mankiw “Macroeconomics” (2025) textbook was used because it was already the required text for
the course in which these activities were piloted. Structural debriefing activities are built around the causal
structure a given textbook presents, so we designed our causal diagram to follow Mankiw’s step-by-step
exposition of the multiplier, which builds the expenditure multiplier through the traditional Keynesian Cross
and presents an explicit geometric series of successive consumption rounds based on the marginal
propensity to consume. This structure allowed us to isolate each round of the feedback loop for students.

To help readers assess the broader applicability of our approach, we compared this treatment to two
other popular intermediate macroeconomics textbooks. Blanchard et al. (2026) instead model investment

endogenously as a function of the interest rate and output, and Abel, Bernanke, and Croushore (2024)

55



NEW YORK ECONOMIC REVIEW Volume 56, Fall 2026
mute the multiplier through crowding out while de-emphasizing the standalone Keynesian Cross in favor of
a classical-Keynesian synthesis. Teaching materials for courses that use either of these alternative texts
would need to adapt the causal diagram in Figure 2 to reflect the different investment specifications,
illustrating how a structural debriefing activity must be tailored to the causal structure of the textbook it

accompanies.

Activity 1: Government-purchases multiplier

Thirteen students participated in Activity 1, working individually. Although students had previously
studied the government-purchases multiplier, the activity included relevant passages from the textbook to
reinforce the concepts. Each student received a hard copy of Form 1 (see Appendix A), which included a
causal skeleton graph (Figure 3). Using the provided quotes, students were asked to complete the graph

by adding causal directions and link polarities. They were given 10 minutes to complete this task.

Figure 3: Causal skeleton graph provided to students during Activity 1.
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After submitting their responses, students were shown the completed causal graph. The instructor then
used a prepared slide deck to explain, step by step, how an initial increase in government purchases, 4G,
propagates through the feedback loop, resulting in the multiplier effect. Figure 4 illustrates this process.
When government purchases increase by AG, planned expenditure, national income and disposable

income rise by AG as well. However, consumption increases only by (MPC x AG) < AG because MPC < 1.
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This initial change in consumption triggers a second iteration around the feedback loop, increasing planned
expenditure by MPC x AG. Each subsequent iteration produces a smaller effect than the previous one. The
numbers above the vertical red arrows in Figure 4 correspond to the first, second, and third iterations, while

the arrow lengths indicate the relative magnitude of each effect.

Figure 4: Government-purchases multiplier effect. Numbers above the vertical red arrows indicate

the first, second, and third iterations around the feedback loop.
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Corroborating Mankiw’s (2025, p. 280) textbook explanations, the instructor emphasized that the total

effect of AG on national income is:

Initial Change in Government Purchases =AG
First Change in Consumption = MPC x AG
Second Change in Consumption = MPC?2 x AG

Third Change in Consumption = MPC3 x AG

AY = (1 + MPC + MPC2 + MPC3 +... ) AG
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Activity 2: Tax multiplier

Activity 2 followed a similar structure. Students received Form 2 (see Appendix B) that quoted relevant
passages from Mankiw’s (2025) discussion of the tax multiplier effect. The form included the same causal
skeleton as in Figure 3, which students were asked to complete by adding causal directions and link
polarities. This was their second time working with the same causal skeleton during the session.

Next, students were asked to explain the tax multiplier effect using the completed causal graph. This
analysis built on the approach introduced in Activity 1, where the instructor demonstrated how an initial
increase in government purchases produces multiple rounds of consumption changes. After submitting their
worksheets, students were shown the completed causal diagram illustrating the effect of a tax decrease,
AT (Figure 5).

Figure 5 : Tax multiplier effect. Vertical red arrows indicate the first, second, and third iterations
around the feedback loop.
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The instructor then explained that the total effect on national income is:

Initial Change in Taxes =-AT
First Change in Consumption = MPC x AT
Second Change in Consumption = MPC2 x AT

Third Change in Consumption = MPC3 x AT

AY = (MPC + MPC2 + MPC3 +... ) AT
58



NEW YORK ECONOMIC REVIEW Volume 56, Fall 2026

As noted in Mankiw (2025), there is an inverse causal relationship between taxes, T, and disposable
income, Y — T. Therefore, a tax decrease of — AT results in an increase in disposable income AT, which

leads to the first change in consumption equal to MPC x AT.

Post-activity reflection

After completing Activities 1 and 2, students answered five questions (see Form 3 in Appendix C). Two
guestions asked students to compare the government-purchases and tax multipliers, focusing on
similarities and differences. These comparison questions were inspired by Goffe and Wolla’'s (2024: 159)
recommendation to use deliberate practice for schema development in economics courses, such as by

asking students to analyze how income and price elasticities are similar and different.

FINDINGS
This section analyzes the implementation of the two activities. Overall, students enjoyed the exercises

and were actively engaged.

Activity 1: Government-purchases multiplier
Table 1 summarizes the results of the “Government-Purchases Multiplier” exercise, in which students
completed a causal skeleton by adding arrow directions and polarities. Thirteen students submitted

worksheets (see Appendix A). The causal diagram had eight variables and eight edges.

Table 1: Results of completing the causal diagram for the government-purchases multiplier

Student Correct answers Percentage correct
Direction Polarity Direction Polarity
1 8 6 100.00% 75.00%
2 7 0 87.50% 0.00%
3 7 6 87.50% 75.00%
4 7 0 87.50% 0.00%
5 0 3 0.00% 37.50%
6 7 7 87.50% 87.50%
7 5 8 62.50% 100.00%
8 5 8 62.50% 100.00%
9 6 8 75.00% 100.00%
10 8 6 100.00% 75.00%
11 4 1 50.00% 12.50%
12 6 7 75.00% 87.50%
13 3 7 37.50% 87.50%
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Mean 5.62 5.15 70.19% 64.42%
Median 6.00 6.00 75.00% 75.00%
St Deviation 2.26 3.05 28.20% 38.14%

On average, students correctly identified 70% of arrow directions and 64% of polarities. The median
score was 75% for both measures. Standard deviations were relatively high, 28% and 38%, respectively,

indicating variability in performance.

Activity 2: Tax multiplier

Immediately after Activity 1, students completed the worksheet for Activity 2 (see Appendix B), which
focused on the tax multiplier. Table 2 tabulates the results. Several students marked all arrow directions
and polarities correctly. Overall, performance improved compared to Activity 1: 89% of arrow directions and

75% of polarities were correct on average.

Table 2: Results of completing the causal diagram for the tax multiplier.

Correct answers Percentage correct
Student Direction Polarity Direction Polarity
1 8 7 100.00% 87.50%
2 8 8 100.00% 100.00%
3 4 0 50.00% 0.00%
4 8 7 100.00% 87.50%
5 5 7 62.50% 87.50%
6 8 8 100.00% 100.00%
7 8 7 100.00% 87.50%
8 8 5 100.00% 62.50%
9 8 8 100.00% 100.00%
10 5 0 62.50% 0.00%
11 7 5 87.50% 62.50%
12 8 8 100.00% 100.00%
13 8 8 100.00% 100.00%
Mean 7.15 6.00 89.42% 75.00%
Median 8.00 7.00 100.00% 87.50%
St Deviation 1.46 2.86 18.29% 35.72%
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Comparison of activities
Table 3 summarizes class statistics for both activities, including the coefficient of variation (CV),

calculated as SD/Mean.

Table 3. Measures of dispersion of class results.

Direction Polarity

Mean SD Ccv Mean SD Ccv
Activity 1 70.19% 28.20% 0.40 64.42% 38.14% 0.59
Activity 2 89.42% 18.29% 0.21 75.00% 35.72% 0.48

The results indicate improvement in students’ ability to identify causal directions and polarities from
Activity 1 to Activity 2. Variability decreased for arrow directions (CV dropped from 0.40 to 0.21) and polarity
(CV dropped from 0.59 to 0.48), suggesting that repeated exposure and instructor feedback helped
students perform more consistently.

The improvement in diagram accuracy from Activity 1 to Activity 2 may reflect deeper conceptual
understanding of the multipliers, but because the measures are closely tied to the format of the activity
itself, it may equally reflect task-specific proficiency with the diagram exercise rather than a more general
gain in understanding. Distinguishing between these possibilities would require an independent
assessment of the underlying material, which this pilot did not include (see Limitations and Future
Research).

Since the larger sample was unavailable at the time of this pilot, the qualitative evidence of students’
satisfaction with the activities during this class, gathered through the feedback form (Form 3 in Appendix

C), provides a more robust basis for demonstrating the promise of this innovative instructional approach.

Student feedback
After completing both activities, students provided written feedback, which is organized into six themes

in Table 4. The full survey instrument is included in Appendix C.

Table 4. Student feedback

Themes and Interpretation Citations of Students’ Comments

Shared underlying mechanism.  Students “Both government purchases multiplier and tax multiplier
recognized that both multipliers operate affect national income through changes in planned
through the same basic channel, changes in expenditure. They both influence disposable income.”
planned expenditure and disposable income, “Yes, both increase consumption, national income, PE,
and in several cases described this using and disposable income. They both increase economic
very similar language across independent growth.” “Yes, both the government purchases multiplier
responses. and the tax multiplier are based on the same core
economic principles, where the initial change in
spending leads to instability in the economy.”
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Direct versus indirect effects. Students
distinguished the government-purchases
multiplier's  direct effect on planned
expenditure and GDP from the tax multiplier’s
indirect effect, which operates through its
influence on consumption.

“Government purchases multiplier typically has a larger
impact compared to tax multiplier due to direct increase
in planned expenditure.” “Government purchases
multiplier directly impacts GDP at a rapid way, and not
all tax multiplier goes into the GDP, as some is saved
which has weaker effect.” “Government purchases
multiplier has a more direct impact on aggregate
demand, while the tax multiplier works indirectly by
increasing disposable income.”

Diagrams as an aid to Vvisualizing
feedback loops. Students described the
causal diagrams as helpful for seeing how a
change in one variable propagates through
the system.

“Yes, | like the visual diagram to see the flow of impact.”
“They visually explained the flow of causal relationships
and feedback loops and make it easier to see how a
change in one variable propagates through the
economy.”

Preference for dynamic over static

representations. One student noted that the
animated version of the diagram, shown
during instructor-led explanation, was clearer
than the static pencil-and-paper version
completed during the activity. This theme is
based on a single response and should be

“The slides displayed the animation better than

pencil/paper.”

read as suggestive rather  than
representative.
Preference for formulas once the

relationship was understood.  One student
reported that the diagrams became less
useful once the underlying relationship had
been grasped. Though based on a single
response, this comment is notable because it
parallels the expertise reversal effect
described by Kalyuga et al. (2003), discussed
further below.

“I think the formulas were more helpful, causal diagrams
stopped helping after | understood the relationship
between all of the variables.”

Perceived transferability beyond the
classroom. Students reflected on applying
the causal-diagram approach to other
domains, including work, general systems,
and everyday reasoning about causation.

“Yes, they help trace “train of thoughts” while focusing
on causation.” “Flowcharts are very helpful to describe
many systems.” “l think it is possible to use them in other
areas to diagram impact and see how one change
impacts the cycle.”

Taken together, the first two themes suggest that many students came away with a working

understanding of how the two multipliers relate to one another, both in shared mechanism and in point of

divergence. Rather than treating them as unrelated formulas, students appear to have organized them into

a connected structure built around planned expenditure and disposable income, consistent with schema

development through deliberate practice (Goffe and Wolla, 2024).

The third and fourth themes point to the diagrams’ role in making the feedback loop visible, and to a

preference among some students for the dynamic, animated version over the static worksheet, suggesting

that sequential representations may better support schema construction than a single static image.
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The fifth theme, a preference for formulas once the relationship was understood, is consistent with the
expertise reversal effect described by Kalyuga et al. (2003): scaffolding that helps a novice build a new
schema can become redundant once that schema is established and processed as a single automatic unit.
A student reporting that the diagram “stopped helping” after the relationship was understood may be
describing exactly this transition.

Finally, the sixth theme suggests some potential for transfer, though as a self-reported observation
from a small number of students it should be read as a preliminary signal rather than evidence of transfer
itself. These findings reinforce prior research on the benefits of causal representations for deep learning
(Perkins and Grotzer, 2005; Jagerskog et al., 2019), while pointing to opportunities for refinement such as

incorporating animation and clarifying when diagram-based scaffolding is most useful.

CONCLUSION

This study examined the use of causal diagrams and structural debriefing to support literacy-targeted
instruction in macroeconomics. Instructors who adopt a literacy-targeted approach prioritize deeper
exploration of fewer concepts, aiming to help students build coherent schemas rather than memorize
isolated facts. Causal diagrams provide a visual representation of complex economic relationships,
enabling students to process information by constructing and refining mental models. When integrated with
conventional textbook explanations, these diagrams offer complementary perspectives that can enhance
understanding economic theories. Structural debriefing serves as the pedagogical framework for
introducing these diagrams into traditional classroom settings.

The primary objective of this research was to address the question: How can instructors utilize causal
diagrams and structural debriefing activities for literacy-targeted instruction in a macroeconomics
classroom? To explore this, we designed and implemented two activities focused on the government-
purchases multiplier and the tax multiplier. Both activities incorporated causal skeletons and relevant
textbook passages to guide students in completing diagrams and interpreting feedback loops.

Findings from classroom implementation indicate that reading, interpreting, and constructing causal
diagrams were both engaging and challenging for students, a result consistent with prior research on
structural debriefing (Capelo et al., 2024). Students demonstrated improvement in identifying causal
directions and polarities across successive activities, though this improvement may reflect practice effects
and increasing familiarity with the diagram format in addition to, or instead of, deeper conceptual
understanding. Student feedback also revealed that animated diagrams presented during instructor-led
explanations were perceived as more helpful than static diagrams, pointing to the potential benefits of
dynamic visualizations.

These findings speak directly to the paper’s grounding in schema theory and causal reasoning. The
consistent improvement in students’ ability to correctly assign causal direction and polarity across Activities
1 and 2 is consistent with the construction and refinement of an economic schema, a process in which

learners progressively organize disconnected variables into a coherent causal structure through repeated,
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guided practice (Ambrose et al., 2010). This aligns with research on causal reasoning showing that students
often struggle to recognize complex causal relationships in new material (Perkins and Grotzer, 2005;
Grotzer, 2012), and that structured practice with explicit causal representations can help address this
difficulty (Jagerskog et al., 2019). Student feedback further suggests that once this schema was
established, some students relied less on the diagram itself and returned to formulaic reasoning, a pattern

consistent with the expertise reversal effect (Kalyuga et al., 2003).

Limitations and future research
The authors acknowledge several limitations of the study:

1) The design. The small sample size, the absence of a comparison group, and the peculiarities of
the class composition make it difficult to isolate the specific effects of causal diagrams on student
knowledge acquisition from the practice and instructor’s guidance effects.

2) The absence of independent assessment. The paper does not present any evidence of the
assessment of learning through an exam or a quiz on the topic of multipliers following in due course
of the semester. Therefore, the analysis focuses primarily on short-term learning outcomes
(feedback form immediately after the activity), without the evidence of long-term retention or
transfer of learning.

3) The qualitative themes reported in Table 4 are drawn from the same small sample, and several
are supported by only one or two student responses. These themes should therefore be read as

suggestive rather than representative of a broader student population.

The findings of the impact of this instructional approach should be considered exploratory in nature due
to the above limitations. More iterations of this approach and adding a control group to the design are
necessary to establish its broader effectiveness.

Future research should also focus on refining instructional materials, incorporating interactive or
animated representations, and exploring strategies to reduce cognitive load when students construct
diagrams. The current activities model tax policy as a lump-sum tax, consistent with Mankiw’s basic
Keynesian Cross derivation. Future work could extend the causal diagram to a proportional income tax (T
= tY), which would require modifying both the diagram and the resulting multiplier formula. Additionally,
studies could investigate the transferability of these skills to other economic topics and real-world problem-
solving contexts. Expanding this approach to larger and more diverse student populations would further
validate its effectiveness and inform best practices for integrating causal reasoning into economics
education.

While structural debriefing appears to be an effective complement to conventional macroeconomics
instruction by making causal structures explicit, the main contribution of this paper is in the presentation

and discussion of classroom activities supporting schema development and deepening conceptual
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understanding, which are key goals of literacy-targeted teaching. The activities handouts are provided in

the Appendices, making the paper valuable to practitioners looking for actionable teaching tools.
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APPENDIX A: Activity 1 - The government-purchases m ultiplier

FORM 1

Government-purchases multiplier

Date: Instructor

Team # Course:

Team Members:

Please read the following quotes from Mankiw' Macroeconomics that explain the nature of the
government-purchases multiplier (pp. 314-317):

Assuming that the economy is closed, so that net exports are zero, we write
planned expenditure PE as the sum of consumption C, planned investment I, and
government purchases G:

PE=C+I1+G

An Increase in Government Purchases in the Keynesian Cross: An increase
in government purchases of raises planned expenditure by that amount .... (Source:
caption for Figure 11-5, p. 317).

...according to the consumption function € = C(Y — T), higher income causes
higher consumption. When an increase in government purchases raises income, it
also raises consumption, which further raises income, which further raises
consumption, and so on. Therefore, in this model, an increase in government
purchases causes a greater increase in income.

How big is the multiplier? To answer this question, we trace through each step of
the change in income. The process begins when expenditure rises by AG, which
implies that income rises by AG as well. This increase in income in turn raises
consumption by MPC x AG, where MPC is the marginal propensity to consume. This
increase in consumption raises expenditure and income once again. This second
increase in income of MPC X G again raises consumption, this time by
MPC x (MPC x AG), which again raises expenditure and income, and so on. This
feedback from consumption to income to consumption continues indefinitely.

Instructions: Using the provided text, complete the ‘causal skeleton’ graph that explains the
mechanism of the government-purchases multiplier. Show causal directions and causal polarities of the
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edges. Positive causal relationships between variables are drawn as positive arrows. Negative links show
inverse causal relationships. Please also identify the polarity of the feedback loop. Is it a positive
(reinforcing) or negative (balancing) feedback loop?

tax, T \

disposable MPC
/ income, Y-T \ /
national .
income Consumption, C

\ planned /
expenditure,

PE
/ \ government

planned purchases, G
investment, |
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APPENDIX B: Activity 2 — The tax multiplier

FORM 2

Tax multiplier

Date: Instructor

Team # Course:

Team Members:

Volume 56, Fall 2026

Please read the following quote from Mankiw’s Macroeconomics that explains the nature of the tax

multiplier (pp. 318-319):

A decrease in taxes of AT immediately raises disposable income Y — T by AT and,
therefore, increases consumption by MPC x AT. For any given level of income Y,
planned expenditure is now higher... Just as an increase in government purchases
has a multiplied effect on income, so does a decrease in taxes. As before, the initial
change in expenditure, now MPC x AT, is multiplied by 1/(1 — MPC).

Instructions:

1. Using the above text, complete the graph below that explains the mechanism of the tax multiplier.
Show causal directions and causal polarities of the edges. Positive causal relationships between
variables are drawn as positive arrows. Negative links show inverse causal relationships. Please
also identify the polarity of the feedback loop. Is it a positive (reinforcing) or negative (balancing)

feedback loop?

2. Use the causal diagram to explain the tax multiplier effect of a decrease in taxes, AT.

tax, T \

disposable
/ income, Y-T \
national :
income Consumption, C

\ planned /
expenditure,

PE
/ \ government

planned purchases, G
investment, |

/
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APPENDIX C: Questionnaire

FORM 3
G and T multipliers

Date: Instructor

Name: Course:

Now that you've reviewed the government purchases multiplier and the tax multiplier, please answer
the following questions.

1. Are there any similarities between the economic structures that are responsible for the
government purchases multiplier and the tax multiplier?

2. Are there any differences between the economic structures that are responsible for the
government purchases multiplier and the tax multiplier?

3. Were the causal diagrams helpful in understanding the multiplier effects? Please elaborate.

4. Did you find any part of the activity with causal diagrams confusing?

5. Do you think you can apply the causal diagrams approach to explain situations that you face at
work, at home, read about in the news, etc.? Can you provide an example?
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