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Abstract 
 

It is proposed to use the common factor of a Mixed Frequency Dynamic Factor Model (MFD-FM) to 

monitor business cycles in the US in real time; The MFD-FM was defined as a NowCasting type model 

with two factors: a common factor, which captures the co-movement between the variables and another 

that estimates the idiosyncratic movements of each of them. Five key macroeconomic indicators were 

used and the Kalman filter was used for the estimates. The proposed model was able to identify the 

impact of the Subprime crises, COVID-19 and the conflict between Ukraine and Russia. It is proposed 

to use this model for other countries and business sectors. 

 

Monitoring the United States Business Cycle in real time, via an MFD-FM 

 

Objective Methodology Contribution 

Build an automaton that 

monitors the business cycles of 

the American market in real 

time. 

 
 

Define the communication 

models and language that will 

establish real-time decision 

making in market cycles. 

 

 

Investment decision making 

through information collected 

by an automaton. 

 

 

 

NowCasting, Economic cycle, Kalman filter 

 

Resumen  

 

Se propone emplear el factor común de un Modelo de Factor Dinámico de Frecuencias Mixtas (MFD-

FM) para monitorear en tiempo real los ciclos de negocio en EUA; el MFD-FM se definió como un 

modelo de tipo NowCasting de dos factores: un factor común, que captura el co-movimiento entre las 

variables y otro que estima los movimientos idiosincráticos de cada una de ellas. Se utilizaron cinco 

indicadores macroeconómicos claves y se empleó el filtro de Kalman para las estimaciones. El modelo 

propuesto fue capaz de identificar el impacto de las crisis Subprime, COVID-19 y el conflicto entre 

Ucrania y Rusia. Se propone utilizar este modelo para otros países y sectores empresariales.     

 

Monitoreando en tiempo real los Ciclo de Negocio de Estados Unidos, vía un MFD-FM 

 

Objetivo Metodología Contribución 

Construir un autómata que 

monitoree en tiempo real los 

ciclos de negocio del mercado 

Estadounidense.

 
 

Definir los modelos y el 

lenguaje de comunicación que 

establecerán las tomas de 

decisiones en tiempo real de los 

ciclos de mercado. 

 

Toma de decisiones en inversión 

a través de la información 

recopilada por un autómata.  

 

 

NowCasting, Ciclo económico, Filtro de Kalman  
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Introduction 

 

In this century, the world's economies have been subject to a number of events that have generated great 

volatility and rapid changes in the global economic environment. The integration of multiple data sources 

and the ability to update estimates in real time have become crucial to obtain an accurate and up-to-date 

picture of the state of the economy. State-space models such as Mixed Frequency Dynamic Factor 

Models (MDF-FMs) have become fundamental tools in this area due to their ability to handle data of 

different frequencies and their flexibility to incorporate new data as they become available. 

 

State-space models allow the representation of dynamic systems where observable variables are 

influenced by unobservable factors (states) that evolve over time. These models are highly adaptable and 

are applied in a variety of contexts, from estimating business cycles and growth trends to modelling 

volatility in financial markets (Harvey, 1989; Stock & Watson, 1991). A prominent feature of these 

models is the use of the Kalman filter, which facilitates the estimation and prediction of unobservable 

states efficiently and in real time (Kalman, 1960; Durbin & Koopman, 2012). 

An important development in this field is the integration of state-space models with dynamic factor 

models, which has enabled the estimation of common unobservable factors affecting multiple time series.  

 

These common factors capture the co-movement between different economic indicators, 

significantly improving forecast accuracy and providing a deeper understanding of the underlying 

dynamics of the economy (Forni et al., 2000; Doz et al., 2011). 

 

The MFD-FM model is particularly relevant in this context, as it can combine data with different 

sampling, e.g. quarterly and monthly, to provide estimates or forecasts of the variables involved. Each 

time a new data is received, either monthly or quarterly, the model is updated, allowing for a continuous 

and real-time revision of the estimates. This continuous updating capability is crucial for informed and 

timely decision-making in economic policy and financial management (Giannone et al., 2008). 

 

The importance of the common factor in these models cannot be underestimated. By capturing 

the shared variations among various economic indicators, the common factor allows for a more coherent 

and robust integration of the available information. This not only improves the accuracy of forecasts, but 

also provides a basis for the interpretation and analysis of economic outcomes (Stock & Watson, 2002). 

 

Thus, the use of data of different frequencies and the continuous updating capability of MFD-FM 

models highlight their relevance in economic forecasting (Giannone et al., 2008; Aruoba et al., 2011). 

The identification and estimation of common factors play an essential role in improving the accuracy and 

usefulness of these forecasts, contributing significantly to a better understanding and management of 

economic dynamics. 

 

In particular, key macroeconomic indicators that reflect the state and evolution of the economy 

are generally: Gross Domestic Product (GDP), inflation rate (CPI), employment generation, real estate 

sector evolution. The behaviour of these variables is fundamental to assess the economic health of a 

country and relevant for investment decisions. 

 

A Mixed Frequency Dynamic Factor Model (MDF-FM) is proposed for the United States 

consisting of the variables: Gross Domestic Product, GDP USA; interest rate, INTEREST RATE USA; 

inflation rate, Consumer Price Index; employment, Labor Force Participation Rate; and housing index, 

House Price Index; the description of each of them is in the data section. 

 

The state-space model is constructed as a two-factor NowCasting model, a first common factor 

characterising the general movements of the set of variables in the model and an idiosyncratic factor 

showing the particular behaviour of each one. In particular, it is proposed to use the common factor as 

the indicator of the state of the US economy. Two test periods were used, the first from January 2004 to 

December 2013, which covers the Subprime Mortgage crisis (December 2007 to June 2009); and a 

second period from January 2013 to March 2024, the period during which the COVID19 virus appeared 

(February 2020 to April 2020) and the conflict between Ukraine and Russia started, 24 February 2022. 
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The proposed model was able to identify the impact of the Subprime crisis, the COVID-19 

pandemic and the Ukraine-Russia conflict; it also showed how the performance of a single variable is 

not determinant in signalling business cycles in the United States. Finally, it is argued that based on the 

common factor of the proposed model, the US business cycle is still in a contractionary phase, with 

inflation under control, but at levels above the desired 3.25 versus 2; the interest rate has not started to 

decline; and labour force levels are below those reached before the pandemic. Future work is proposed 

to apply this same model to other countries and even business sectors. 

 

General explanation of the issue and why it is important. 

 

What is its added value compared to other techniques? 

 

Focus clearly on each of its characteristics 

 

Explain clearly the problem to be solved and the central hypothesis. 

 

Explanation of the sections of the book. 

 

Development of the headings and sub-headings of the book with subsequent numbers. 

 

Literature review on forecasting 

 

State-space models are flexible and adaptable tools for analysis and forecasting in economics and finance. 

These models allow the representation of dynamic systems in which observable variables are influenced 

by unobservable factors that evolve over time. The use of the Kalman filter in the estimation and 

forecasting of these models has been widely recognised and used due to its effectiveness and relevance 

in the field of economic and financial analysis. Key applications and developments of state-space models 

in economics and finance are explored. 

 

State-space models and the Kalman filter were first introduced in the context of systems 

engineering and control (Kalman, 1960). Their application to economics and finance began to gain 

acceptance in the 1970s, and these methods began to be increasingly adopted and used by researchers 

and practitioners in these areas. Harvey (1989) is one of the seminal texts, ‘Forecasting, structural time 

series models and the Kalman filter’ shows how these methods are adapted for economic analysis, 

presenting a wide range of applications, from time series to more complex structural models. 

 

One of the most common applications of state-space models in macroeconomics is the estimation 

of business cycles and growth trends. Kuttner (1994) used a state-space model to separate trend and cycle 

in US GDP data, providing an estimate of the output gap[1] that is crucial for monetary policy. Similarly, 

Stock and Watson (1991, 1999) applied these models to construct coincident and forward-looking indices 

of economic activity. 

 

State-space models have also been widely used to model and forecast inflation. An important 

example is the work of Kim and Nelson (1999), who used a state-space regime-switching model to 

capture variations in inflation dynamics. Their approach allowed them to identify periods of high and 

low inflation, as well as the underlying factors driving these changes. 

 

In finance, state-space models have been used to model volatility and risk. Engle and Watson 

(1981) used these models to analyse financial market volatility, while Hamilton (1989) applied regime-

switching models to asset price series to capture changes in volatility and expected returns. State-space 

GARCH models, introduced by Harvey, Ruiz and Shephard (1994), have been instrumental in 

understanding the dynamics of volatility in financial markets. 

 

An important development has been the integration of state-space models with dynamic factor 

models. This approach has allowed the estimation of unobservable factors affecting multiple time series. 

Forni et al. (2000) and Doz, Giannone and Reichlin (2011) have developed methods for estimating these 

models, which have been widely applied for economic analysis and forecasting macroeconomic 

variables. 

https://www.deepl.com/es/translator#_ftn1
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The ability of state-space models to incorporate real-time data and provide up-to-date forecasts 

has been particularly valuable and is named Nowcasting. Giannone, Reichlin and Small (2008) 

demonstrated how these models can be used to improve GDP forecasts using data available in real time. 

This approach has been adopted by central banks and other institutions to improve real-time decision 

making. For Mexico, in the work of Delajara, Hernández Álvarez and Rodríguez Tirado (2016), who 

introduced a real-time database for the Mexican economy and proposed a mixed-frequency dynamic 

factor model (MDF-FM) for backcasts, nowcasts and forecasts of short-term GDP growth. They 

compared their factor-based estimates with those of professional forecasters over the period from 2008Q2 

to 2014Q2, finding that their factor-based forecasts outperformed those of the consensus of professional 

forecasters in real time, despite some structural instability during the 2008-09 crisis and its aftermath in 

2010. 

 

State-space models have evolved to become essential tools in economic and financial analysis. 

Their ability to handle incomplete and noisy data, together with the flexibility to model complex 

dynamics, makes them useful for many applications. As estimation and computational methods continue 

to advance, these models are likely to continue to play a crucial role in economic research and policy-

making. 

 

Methodology 

 

Macroeconomic variables are fundamental to analysing and understanding a country's economy. In the 

following section, we list some of the most common macroeconomic variables, their importance and 

their relationship. 

 

Relationship between the data used 

 

In this study, five important macroeconomic variables were used: 

 

US Interest Rate (Interest Rate USA), US Labor Force Participation Rate (Labor Force 

Participation Rate), the Consumer Price Index or CPI (Consumer Price Index); the House Price Index or 

HPI (House Price Index), and Gross Domestic Product (GDP), these indicators interact with each other 

and reflect different aspects of a country's economic health. 

 

The relationship between them is explained below: 

 

1. Interest Rate USA and Consumer Price Index (CPI), Interest rates have a direct relationship 

with inflation, which is measured through the CPI. When the Federal Reserve (FED) raises 

interest rates, it is generally with the aim of ‘cooling’ the economy and controlling inflation. On 

the other hand, lower interest rates can stimulate consumer spending and business investment, 

increasing demand for goods and services, which can potentially lead to higher prices, i.e. higher 

inflation. 

2. Interest Rate USA and House Price Index (HPI). Interest rates have a direct impact on the HPI. 

Lower interest rates make mortgage loans more affordable, which can increase the demand for 

housing and thus raise house prices. Conversely, higher interest rates can reduce the demand for 

housing, as financing costs increase, which can lead to a decrease in house prices. 

3. US Labour Force Participation Rate and Consumer Price Index (CPI), The labour 

participation rate can influence the CPI through its effect on labour supply and demand. A high 

labour participation rate increases labour supply, which can control wage pressures and thus 

production costs, which can help to keep inflation low. On the other hand, low participation can 

lead to labour shortages, raising wages and possibly consumer prices. 

4. The relationship between the labour participation rate and theHouse Price Index (HPI) can be 

described as follows: high labour participation rates generally indicate a healthy economy, which 

can increase the demand for housing and, consequently, house prices. In addition, a strong labour 

market can provide consumers with the confidence and financial means to purchase homes. 

5. United States Core PCE Price Index Annual Change, The personal consumption expenditures 

(PCE) price index, excluding food and energy prices due to their volatility, is a preferred measure 

of inflation for the Federal Reserve. Core PCE provides a clearer picture of underlying inflation 

trends and is central to monetary policy decision-making. High core inflation can signal the need 

to raise interest rates. 
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These indicators not only reflect the current economic situation, but also influence policy 

decisions. For example, if inflation is high, the Fed may choose to raise interest rates to ‘calm’ the 

economy. On the other hand, if the economy is slowing down, the FED may lower interest rates to 

stimulate growth, thus affecting both the CPI and the HPI. The labour participation rate is also crucial to 

assess the strength of the labour market and its ability to support economic growth without generating 

inflationary pressures. 

 

The following table (table 1) presents the frequency of publication and periodicity of the 

economic indicators used.  

 

[1] The output gap is the difference between an economy's current level of output (actual GDP) 

and its potential level (potential GDP). A positive output gap indicates output above the sustainable level, 

generating inflationary pressures. A negative output gap suggests output below potential, associated with 

unemployment and idle capacity. 

 

Box 1 

Table 1 

Frequency of Publication of Economic Indicators in the U.S.A. 

 

Indicator 
Frequency of 

Publication 
Periodicity 

US Interest Rate 

(Interest Rate USA) 

Decided by the Federal 

Reserve FOMC 

Eight times a 
year, 

approximately 

every six weeks. 

Labour Force 
Participation Rate 

(Labour Force 

Participation Rate) 

Published by the 

Bureau of Labor 
Statistics (BLS) 

Monthly 

Consumer Price 

Index (CPI) 

Published by the 

Bureau of Labor 

Statistics (BLS) 

Monthly 

House Price Index 

(HPI) 

Published by the 
Federal Housing 

Finance Agency 

(FHFA).) 

Quarterly (with 

monthly reports) 

United States Core 
PCE Price Index 

Annual Change 

Published by the 
Bureau of Economic 

Analysis (BEA) 

Monthly 

 

 

Econometric Model 

A mixed-frequency dynamic factor dynamic factor econometric model (MF-DFM) is proposed that 

allows for the inclusion of missing data and mixed frequency indicators: The proposed specification is 

very similar to that presented in Aruoba and Diebold (2010); Camacho and Pérez-Quirós (2010); 

Cristiano, Hernández, and Pulido (2012); and Rodríguez (2014), and DelaJara (2016). This model 

extracts the common variances between quarterly GDP ( 𝑦1,𝑡) and monthly indicators ( 𝑦ℎ,𝑡  para ℎ =

2, . . . 𝑁) separating out the comovement captured by the unobservable factor(𝑓
𝑡
) of idiosyncratic 

movements 𝑢𝑛,𝑡, for ℎ = 2, . . . 𝑁. The basic equations of the model are: 

[𝑦1,𝑡 𝑦2,𝑡 𝑦3,𝑡  ⋮  𝑦𝑁,𝑡 ] = [𝛾1 (
1

3
𝑓𝑡 +

2

3
𝑓𝑡−1 + 𝑓𝑡−2 +

2

3
𝑓𝑡−3 +

1

3
𝑓𝑡−4) 𝛾2 ∑11

𝑗=0 𝑓𝑡−𝑗  𝛾3 ∑11
𝑗=0 𝑓𝑡−𝑗  ⋮  𝛾𝑁 ∑11

𝑗=0 𝑓𝑡−𝑗  ] + + [
1

3
𝜈1,𝑡 +

2

3
𝜈1,𝑡−1 + 𝜈1,𝑡−2 +

2

3
𝜈1,𝑡−3 +

1

3
𝜈1,𝑡−4 𝜈2,𝑡 𝜈3,𝑡  ⋮  𝜈𝑁,𝑡 ]             (1) 

where (𝛾𝑛) are the factor loadings (or weights). The dynamics of the factors are modelled as 

autoregressive processes: 

𝑓𝑡 = 𝜙1𝑓𝑡−1 + 𝜙2𝑓𝑡−2 + ⋯ + 𝜙𝑃𝑓𝑡−𝑃 + 𝑒𝑡,   𝑒𝑡~𝑖. 𝑖. 𝑑. 𝑁(0,1)           (2) 

𝑢𝑛,𝑡 = 𝜙1𝑛𝑢𝑛,𝑡−1 + 𝜙2𝑛𝑢𝑛,𝑡−2 + ⋯ + 𝜙𝑄𝑛𝑢𝑛,𝑡−𝑄𝑛 + 𝜖𝑛,𝑡 ,   𝜖𝑡~𝑖. 𝑖. 𝑑. 𝑁(0, 𝜎𝜖𝑛
2 ) 𝑝𝑎𝑟𝑎 𝑛 = 1,2, . . . 𝑚, 𝑁         (3) 

 

https://www.deepl.com/es/translator#_ftnref1
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The model assumes mutual independence between 𝑓𝑡 y 𝑢𝑛,𝑡. 

To estimate the factors 𝑓𝑡 y 𝑢𝑛,𝑡, the system is rewritten in the form of a state-space model and 

the Kalman filter is used to solve it. The state-space equations are: 

[𝑦𝑡 = 𝐻𝐹𝑡 + 𝜉𝑡 ,  𝜉𝑡 ∼ 𝑁(0, 𝑅)]                  (4) 

𝐹𝑡 = 𝑇𝐹𝑡−1 + 𝜁𝑡 ,  𝜁𝑡 ∼ 𝑁(0, 𝑄)                  (5) 

The measurement equation relates the observed indicators to the factors, and the transition 

equation specifies the dynamics of the factors. To handle missing data, each missing data is replaced 

with a random value, keeping the matrices compliant. The modified measurement equation is: 

𝑦𝑡 = 𝐻𝑡
∗𝐹𝑡 + 𝜉𝑡 ,  𝜉𝑡 ∼ 𝑁(0, 𝑅𝑡

∗)                   (6) 

The Kalman filter is applied to obtain optimal estimates of the parameters and the F_t matrix, 

updating the predictions and error equations as new data are received. This allows a continuous and real-

time revision of the estimates and in particular of the system state (common factor), improving the 

accuracy and usefulness of the economic forecasts. In particular, in this paper it is this factor that is 

associated with the state of the business cycle in the United States. 

Results 

 

We analyse the behaviour of the common factor over the present century, divided into two periods: the 

first from January 2003 to December 2013, which covers the subprime mortgage crisis (December 2007 

to June 2009); and a second period from January 2014 to March 2024, the period during which the 

COVID19 virus appeared (February 2022) and the conflict between Ukraine and Russia began (February 

2022). For the NBER (National Bureau of Economic Research), the periods of expansion and contraction 

of the US economy during this century are summarised in Table 2 below: 

 

Box 2 

Table 2 

Periods of economic expansion and contraction in the United States according to 

the NBER. 

 
Peak month 

(peak quarter)  
Valley month 

(valley quarter)  
Contraction  Expansion  Cycle 

December 

2007(2007Q1)

  

February 2020 

(2019Q4)

  

June 2009 

(2009Q2)  

 

April 2020 

(2020Q2) 

18 

 

 

2 

73 

 

 

128 

91 

(81) 

 

130 

(146) 

 

 

These periods of expansion and contraction in the US business cycle are benchmarked for their 

relationship to the common factor, then each variable is checked against the common factor. 

Period 2004 – 2013 

During the first period of analysis, from January 2003 to 2013, the biggest crisis of this century took 

place, associated with an overvaluation of mortgage credit. Figure 1.a, which plots the dating of the 

NBER versus the common factor, shows how the common factor from the end of 2004 entered a period 

of contraction, increasing its fall just on the date that the NBER indicates the beginning of the Subprime 

crisis. The expansion phase of the common factor, associated with this crisis, begins eight months before 

the date of the recovery indicated by the NBER. The behaviour of EU GDP vs. the common factor, Figure 

1.b shows a synchronous movement between these series during the beginning and recovery of the 

Subprime crisis, GDP starts a phase of deceleration of its value that accompanies the common factor in 

its contraction from July 2005 to November 2008; and starts its recovery and expansion at the same time 

as the common factor from December 2008 to July 2011. 
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With respect to the CPI, Figure 1.c, it is observed how the CPI before the onset of the Subprime 

crisis, showed an upward trend since late 2004, which coincides with the contraction phase of the 

common factor, the CPI moves inversely with respect to the common factor; both variables signalled a 

deterioration in the US economy since late 2024; Also, both the peak of the CPI and the trough of the 

common factor marked the peak of the effect of the crisis and the moment of its recovery; the higher the 

inflation, the greater the deterioration of the economy, and the lower the inflation, the recovery and 

expansion of the economy. 

 

On the other hand, the interest rate, Figure 1.d, began to rise steadily from June 2004 until June 

2006, and remained constant until June 2007, six months before the onset of the crisis. This increase in 

interest rates was reflected as a sustained deterioration of the common factor. In July 2007, a period of 

interest rate reduction began, five months before the onset of the crisis. This interest rate reduction did 

not contain the fall in the common factor, which lasted until November 2008; in December 2008, the 

common factor began to recover with an interest rate close to zero per cent. The effect of both the rise 

and fall in the interest rate had a lagged effect on the movement of the common factor (contraction - 

expansion). 

 

In relation to the labour force, Figure 1.e, the labour force remained constant until before August 

2008, while the common factor was in a period of contraction; in September of the same year a 

contraction of the labour force began, which continued until the end of this period, December 2013; the 

contraction of employment did not coincide with the expansion in the common factor, or recovery of the 

US economy. The labour force was affected by the subprime crisis, and its effects lasted until the end of 

2013. 

 

Finally, the US House Price Index, Figure 1.f, was from the beginning of this period until March 

2007 in a strong upswing, while the common factor contracted, and this contraction of the common factor 

continued until November 2008. The housing index started to contract from April 2007, eight months 

before the onset of the crisis. Finally, the housing index started to expand in March 2011, accompanying 

the expansionary phase of the common factor. 

 

In conclusion, during this period the common factor showed signs of contraction of the US 

economy, since the beginning of 2004, based on a decline in GDP; high inflation levels; rising interest 

rates; and a sustained increase in housing values. The recovery of the common factor, on the other hand, 

was eight months ahead of the NBER's defined start date for recovery from the crisis, based on GDP 

recovery, controlled inflation and an interest rate close to zero. On the other hand, the peak of the housing 

bubble, April 2007, brought forward the NBER-defined start date of the crisis, and the effects of the crisis 

on the labour sector were maintained during this first period of analysis. 

 

 

Figura 1.a. Relación 

entre el fechado del 

NBER y el factor 

común durante la crisis 

Subprime. 

 

Figura 1.b. 

Comportamiento del 

GDP de los Estados 

Unidos versus el factor 

común durante la crisis 

Subprime. 
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Figura 1.c. Índice de 

Precios al Consumidor 

(CPI) versus el factor 

común durante la crisis 

Subprime. 

 

Figura 1.d. Tasa de 

interés versus el factor 

común durante la crisis 

Subprime. 

 

Figura 1.e. Fuerza 

laboral versus el factor 

común durante la crisis 

Subprime. 

 

Figura 1.f. Índice de 

Precios de la Vivienda 

(House Price Index) 

versus el factor común 

durante la crisis 

Subprime. 

Period 2014 – 2024 

 

In the second period of analysis, from January 2017 to May 2024, the NBER only identified a period of 

contraction and expansion, associated with the COVID crisis19 (see Figure 2.a), which was of very short 

duration, two months, and with a period of expansion that continues until mid-2024. Also, during this 

period, the conflict between Russia and Ukraine began, which has not yet ended. 

 

For the COVID19 crisis, the common factor brought forward the start of the contraction and 

coincided with the expansion of this business cycle, see Figure 2a. One thing that stands out in the 

behaviour of the common factor is the signalling of a contraction in mid-2022, which coincides with the 

start of the conflict between Ukraine and Russia, February 2022. 

 

During this period, GDP had an abrupt downward and upward shift during the months of February 

to July 2020, which coincides with the beginning and end of the BIBVOC pandemic crisis19 , see Figure 

2.b; also, at the beginning of the conflict between Ukraine and Russia, quarter 2022Q1, it showed a fall 

in its value, which has been maintained to date; the common factor accompanied GDP in this behaviour 

in a coincident manner. 

 

The CPI or inflation rate, in this period was stable from January 2017 February to April 2020, the 

same behaviour as the common factor, see Figure 2.c. At the beginning of 2019 both the CPI and the 

common factor began a contraction that ended in May 2020; the factor contracted and inflation decreased 

during the period of the COVID19 crisis, from January to May 2020. The recovery from this crisis was 

characterised by a sustained increase in inflation until June 2022, the same behaviour of the factor, which 

expanded during this period; on the other hand, in July, four months after the start of the conflict between 

Russia and Ukraine, a decrease in the inflation rate began, coinciding with the decrease in the common 

factor. 
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Figure 2.d shows how the interest rate at the beginning of this period began an upward phase, 

which was accompanied by a stable common factor. Six months before the appearance of COVID19, in 

July 2019, the interest rate starts a downward period until it reaches levels close to zero, the downward 

movement of both the interest rate and the common factor anticipated the onset of the COVID19 crisis. 

In April 2020 the interest rate reached a level close to zero, which was maintained for eleven months, 

March 2022, during which time the common factor experienced an expansion; subsequently, in April 

2022, the interest rate began a significant upward period, the common factor slowed and contracted. 

 

The labour force, Figure 1.e, before the onset of the COVID19 pandemic showed constant levels; 

until February 2020, when the pandemic crisis began, it fell sharply; also, two months later, in April, it 

recovered significantly and began an upward movement, without reaching pre-pandemic levels. The 

behaviour of this index versus the common factor was coincident, except for the last nine months, where 

the factor is in a contraction phase, while the labour force remains constant. 

 

Finally, Figure 1.f shows how the value of housing has increased steadily since the beginning of 

this period, with small slowdowns during the COVID19 pandemic crisis and at the beginning of the 

Ukraine-Russia conflict. 

 

At the end of the period, the common factor is sending early signals about the onset of the 

COVID19 pandemic crisis, as well as exposing that the conflict between Russia and Ukraine is affecting 

the US business cycle. In particular, the common factor anticipated the crisis, from the beginning of 2019 

it started a downward phase, which coincided with the slowdown and fall of the interest rate; it also 

coincided with the recovery from the crisis, with an interest rate close to zero and inflation and the labour 

force in an upward phase. Finally, the common factor is contracting, since October 2021, four months 

before the start of the Russia-Ukraine conflict, inflation, CPI and the interest rate are also showing the 

effect of this conflict. 

 

 

Figura 2.a. Relación 

entre el fechado del 

NBER y el factor 

común durante la crisis 

del COVID-19. 

 

Figura 2.b. 

Comportamiento del 

GDP de los Estados 

Unidos versus el factor 

común durante la crisis 

del COVID-19.  

 

Figura 2.c. Índice de 

Precios al Consumidor 

(CPI) versus el factor 

común durante la crisis 

del COVID-19. 

 

Figura 2.d. Tasa de 

interés versus el factor 

común durante la crisis 

del COVID-19. 
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Figura 2.e. Fuerza 

laboral versus el factor 

común durante la crisis 

del COVID-19.  

 

 

Figura 2.f. Índice de 

Precios de la Vivienda 

(House Price Index) 

versus el factor común 

durante la crisis del 

COVID-19.  

Conclusions 

 

In conclusion, during the first period of analysis the common factor showed signs of contraction of the 

US economy, from the beginning of 2004, based on a decline in GDP; elevated inflation levels; rising 

interest rates; and a sustained increase in housing values, ahead of the onset of the Subprime crisis. On 

the other hand, the recovery of the common factor came eight months ahead of the NBER-defined start 

of the crisis recovery, based on GDP recovery and an interest rate close to zero. On the other hand, the 

peak of the housing index bubble, April 2007, was eight months ahead of the NBER-defined start date 

of the crisis, and the effects of the crisis on the labour sector were maintained during this first period of 

analysis. 

 

In the second period, the behaviour of all variables was affected by the effect of the COVID19 

pandemic. In particular, both the interest rate and inflation were the variables that were not only affected 

by the pandemic, but also had important effects due to the conflict between Ukraine and Russia, 

accompanying the contraction of the common factor. In this second test period, the common factor 

anticipates the onset of the COVID19 crisis, and coincides with the beginning of the recovery. 

 

In summary, it can be concluded that the performance of a single variable is not determinant in 

signalling the business cycles in the United States, and it was also observed that the behaviour of each 

variable with respect to the cycles was not homogeneous over time, for example: interest rates, at some 

moments were synchronous with both the business cycle and the common factor, and at other moments 

asynchronous; likewise, other variables show lower levels than in the period prior to the pandemic. It can 

be said that, at the time of this research, the US business cycle is in a contractionary phase, with inflation 

under control, but at levels above the desired 3.25 versus 2; the interest rate has not started to decline; 

and labour force levels are below pre-pandemic levels. 

 

The model was able to identify the impact of the Subprime crisis and COVID-19 pandemic; as 

well as the impact of the Ukraine-Russia conflict, demonstrating the usefulness of the MFD-FM in 

adapting to significant economic and political disruptions. 

 

This paper provides a detailed and technical analysis that demonstrates the power of advanced 

statistical models in contemporary economic analysis, highlighting how they can significantly improve 

our understanding and response to economic cycles. 

 

Future Applications 

 

The model's success in accurately predicting economic trends suggests broad potential for application in 

other national and international contexts, providing investors, governments and the public with a robust 

tool for near real-time economic monitoring. 
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Annexes 

 

Appropriate tables and sources. 

 

The international standard is 7 pages minimum and 14 pages maximum. 
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