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Abstract: Inflation steadily reduces the value of money, and with it the assurance 
that tomorrow’s funds will mean what they do today. Anyone dealing with long-term 
commitments, governments issuing bonds, insurers planning payouts, or families 
saving for retirement has to confront this gap between the numbers on paper and 
what those numbers will buy. The usual present value formulas assume that inflation 
stays fixed at a single rate, but this is a convenient fiction rather than a reflection 
of reality. In practice, inflation changes with economic policy, financial markets, 
and even demographic forces, sometimes gradually and at other times in sudden, 
disruptive bursts. This paper develops a framework for valuing future funds when 
inflation is neither constant nor predictable but variable and occasionally stochastic. 
We extend traditional formulas to handle both discrete and continuous inflation 
paths and establish theoretical results on their behavior, including monotonicity, 
bounds, and convergence properties. To bring ideas to life, we combine real-world 
data with controlled simulations to show how even modest changes in inflation 
can dramatically change long-horizon outcomes. The analysis speaks to practical 
concerns about retirement planning, insurance, and sovereign debt, while also 
suggesting directions for more robust forecasting.
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1.	 INTRODUCTION

Inflation has been recognized for a very long time as one of the most long-
lasting and significant forces playing a key part in shaping economic behavior 
as well as affecting financial results. Broadly speaking, it is described as the 
long persistence of the overall level of prices within an economy, and the 
practical implication of this phenomenon is the gradual but consistent 
erosion of the purchasing power of money over time. The amount of money 
that might otherwise today sound very significant when considered in terms 
of a time frame of two or three decades into the future might well be able 
to purchase only a few percent of what it is able to purchase today. This loss 
of purchasing power is by no means an abstract theoretical problem but 
has immediate and very real consequences affecting households, financial 
institutions, and governments in the same manner. For individuals, the 
unpredictability of inflation presents a significant challenge in planning 
toward retirement, since the value of their accumulated stores is determined 
not only on nominal return but decidedly so by the course of prices over 
time. Even disciplined savers, who periodically make contributions to pension 
schemes or provident funds, might not realize their resources might be short if 
the rate of inflation in the end turns out to be greater than initially expected. 
In the realm of the insurance industry, companies are faced with the highly 
challenging task of crafting long-tail contracts, in this case life insurance 
policies and annuities, where the agreed benefits must, again several decades 
down the track, retain considerable meaning. Pension funds are faced with a 
similar problem: they must find an adequate balance in their effort to ensure 
their solvency and simultaneously preserve the real value of the payments 
disbursed to their respective beneficiaries over time. At a broader level, 
the consequences of inflation affect the public sphere where governments 
issuing long-dated securities or undertaking fiscal programs will be keenly 
required to consider and provide for the uncertain course inflation may take. 
A liability agreed to in nominal terms today will be easier to service in an 
environment of rising inflation or will be a greater burden in an environment 
of sustained low inflation, and in either case carries huge macroeconomic 
uncertainties that should never be disregarded. Episodes in which unexpected 
inflation is characteristic can severely damage fiscal credibility and hence 
induce distrust and loss of confidence among investors and policy-makers. 
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Conversely, an extended spell of low inflation or even deflation carries the risk 
of dampening economic growth and hence exerting severe limitations on the 
choices available with regard to monetary policy. These two examples together 
serve to show that the dichotomy applied to nominal and real values is in 
excess of mere technical lingo; it is essentially crucial to the overall stability 
of the economy and soundness of financial systems and to the well-being of 
society in general. Against this backdrop, the present work is motivated by 
an immediate imperative to re-think the practice of valuation in terms of 
inflation-adjustment and to do so in a way truly reflective of the real-world 
complications of conditions existing at the time and not relying on simplistic 
and perhaps fallacious assumptions.

More traditional methods applied to inflation-adjusted valuations have 
characteristically been based on the assumption of a steady rate, which, while 
easy to apply, is in the end unrealistic in today’s economy. This scenario is 
particularly true given that recent years have been plagued by massive 
geopolitical hostilities and some significant volatility in the energy markets, 
each having engendered additional inflationary pressures. These events have 
done much to illustrate the failure of the classical assumption of a consistent 
inflation rate [1]. Available models attempting to capture this variability often 
fall back on introducing relatively simplistic stochastic processes. These may 
involve using autoregressive formulations or random walk representations 
to capture inflation dynamics [2]. These processes are capable of short-run 
persistence in the trend towards inflation but are wanting in finer explanation. 
The dynamics of inflation are subject to a myriad of interacting variables 
operating in tandem and affecting each other in processes influenced by 
interest rates and fiscal imbalances, by commodity prices and exchange rate 
fluctuations, and by demographic shifts [3].

Practically speaking, the scope of probable causative agents behind 
inflation may be broad and intricate. The difficulty is not only in the effort of 
encapsulating these multiple variables in one integrative analytic framework, 
but also in having to determine specifically which elements truly are important 
to effective forecasting and accurate valuation. By itself, failure to so explicitly 
identify renders resultant models prone to flaws of overfitting and multi-
collinearity and unstable parameter estimates. This in turn inexorably reduces 
the robustness and reliability of the models for long-lasting projections.
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Despite the burgeoning and ever-growing literature on the topic of inflation 
forecasts, there still remains a significant dearth of a unified and integrated 
framework capable of functioning at once with multiple goals. Namely, this 
framework will be required to (i) abstract the valuation formulas so as to 
properly cope with and tackle cases with variable and continuum variables. 
And consideration of stochastic inflation, and (ii) making full application 
of robust statistical methods to effectively diminish the dimensionality of 
multiple factors while leaving behind only those with true explanatory force. 
The latest innovations within the discipline of statistical learning, involving the 
application of penalized regression methods like the LASSO in combination 
with dimension-reduction devices like principal component analysis, have 
proven considerably successful in application to macroeconomic predictions. 
[4] Nonetheless, even with these innovations in view, their systematic 
incorporation into our analysis of valuation in inflation-adjusted terms remains 
considerably underdeveloped. It is this very intersection of theoretical generality 
and empiric parsimony that forms the very core of the present research gap to 
be filled by the present work.

The present study is inspired by the important remark of having to 
capture both theoretical generalization and empirical parsimony in our analysis 
in pursuit of obtaining successful valuation in an inflation-adjusted manner. 
The primary objective of this study undertaking is to construct the classical 
foundations upon which these concepts are grounded in an important way. The 
overall framework to be developed by going beyond the restrictive condition 
of stationary inflation is formed by crafting models capable of dealing with 
a broad range of types of inflation, ranging from variable and continuous 
to stochastic forms. This is no mere exercise in mathematical generality but 
is of great practical relevance in capturing the realistic inflation behavior as 
we witness it in present-day economies. By providing explicit derivations 
and discussing theoretical properties at a descriptive level, the framework 
encompasses critical features like monotonicity, bounding requirements, and 
convergence postulates in the continuous case. Compounding, the framework 
offers a solid analytical foundation for applications that require precision in 
long-term financial decision-making. Another objective that we hope to achieve 
in this work is to appropriately apply modern statistical methods in a bid to 
tackle the important challenge posed by the multiplicity of probable drivers 
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that may affect inflation. Although other studies in the literature acknowledge 
and appreciate the fact that inflation is prone to be affected by a broad range of 
macroeconomic and financial variables and even structural variables, very few 
attempts are made to methodologically simplify this complexity into a form 
easier to address. In the case of this study, we have formulated a very advanced 
multi-stage pipeline that adeptly integrates several dimension-reduction tools 
like principal component analysis with sophisticated penalized regression 
methods like the LASSO and Elastic Net. Besides these advanced integrations, 
we have incorporated state-of-the-art machine learning methods, specifically 
Random Forests, complemented by SHAP-based interpretative methods. 
This thoughtful combination allows us to achieve parsimony by appropriately 
rejecting predictors that are either redundant or poor in performance while 
at the same time ensuring to retain the best influential factors important in 
achieving accurate forecasts and valuation exercises. Through this undertaking, 
the study meaningfully overcomes one of the key bottlenecks that has long 
constrained the reliability of long-horizon inflation models, specifically, 
the long-standing issue of overfitting and instability in the estimates of the 
parameters applied.

The third and final aim of this study is to extensively demonstrate the 
practical usability and real-world applicability of the framework proposed 
through the employment of empirical examples and conducting comprehensive 
sensitivity analyses. This will be achieved through the employment of an 
assortment of freely available macroeconomic data in an attempt to add to 
the robustness of our outcomes. Through the employment of large datasets 
and highly controlled simulation experiments, the paper succeeds in bringing 
vividly to life how the dynamics of inflation may profoundly change the real 
value of long-term funds in a host of different scenarios. It contains case 
studies concentrating on areas such as retirement planning, pension fund 
management, insurance product pricing, and sustainability of sovereign debt, 
and these together serve to highlight the broad-based applications of these 
results. Further, sensitivity analysis is used to show once again the consequences 
of sustained shocks and movements in the behavior of inflation and, hence, 
to achieve a finer grained appreciation of all the associated risks faced by 
policymakers and financial practitioners. Through the creation of a bridge 
between theoretical generalization and empirical demonstration, the paper is 
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an important addition to the academic literature and to the practical stock of 
long-term financial planning, and presents a framework at once both rigid in 
approach and highly versatile and highly relevant to today’s policy debate.

2.	 LITERATURE REVIEW

The age-old idea of the time value of money, which relates to the principle 
that the value of money is neither fixed nor invariant but instead goes through 
varying degrees of fluctuations and changes over the course of time, has provided 
an underlying theme and core subject matter within the realm of financial 
economics for a substantial and meaningful period of time. Irving Fisher’s 
initial contribution by way of explication, as fully explained within his seminal 
work [5], provided an essential and crucial differentiation between nominal 
rates of interest as against real rates of interest. This essential differentiation 
strengthens and consolidates the proposition that nominal yields are always 
subject implicitly to an anticipated measure of inflation already inherent 
within them that affects their true purchasing power over time. This important 
insight established a fundamental basis upon which successive generations of 
economic models would be built, models that link together the interrelated 
concepts of interest rates, inflation, and purchasing power.

In the early developments of financial theory, scholars adopted 
sophisticated yet elegant constructions that, in the interest of simplicity, 
treated inflation as a consistent and stable phenomenon that would persist 
over extended periods. These assumptions were helpful because they served 
to facilitate the instruction of these principles by providing more manageable 
valuation exercises. But they fail ultimately because they do not do an effective 
job of reproducing the dynamically changing character of inflation as it 
manifests itself in real economies, wherein countless macroeconomic shocks, 
policy shifts, and intricate structure of international interconnectedness bring 
huge but frequently unpredictable swings. Though extensions like compound 
interest workings and the concept of continuous compounding were developed 
over time, the core assumption of the stable inflation rate continued more or 
less unchecked for many decades.

Over the course of time, a considerable and significant research effort has 
increasingly focused on the recognition of inflation as being fundamentally 
stochastic in nature and inherently variable. Many empirical analysis papers 
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on Consumer Price Indices (CPI) have continuously indicated that inflation 
exhibits forms of non-stationarity. This very property implies that inflation 
does not possess a stable condition over the passage of time; rather, inflation 
experiences movements and shifts that are open to a series of external shocks 
and events. In their study, Chen and Rossi [3] highlighted the crucial predictive 
contribution that exchange rates and commodity prices make by illuminating 
the multiple channels by which international markets transmit volatility into 
domestic inflation rates. Moreover, Banerjee and Mehrotra [2] also supported 
this thread of research by convincingly illustrating the ways in which the 
credibility of policy interventions as well as interactions of fiscal policies 
with monetary policies in emerging markets tend to greatly affect inflation 
persistence. Together as a whole, these crucial results established the idea that 
the inflation dynamics could not be suitably represented by conventional 
models holding by constant or deterministic paths, highlighting complexity as 
well as heterogeneity present in inflation behavior.

Institutional reports have played a significant role in enhancing our 
comprehension of the contemporary factors that drive inflation in today’s 
economy. The International Monetary Fund [6] has notably underscored 
the destabilizing effects that have arisen from supply shocks following the 
pandemic, which have ultimately impacted price stability in profound ways. 
Meanwhile, the World Bank [1] has emphasized the intricate interplay 
among fiscal imbalances, fluctuations in commodity prices, and the changing 
expectations of various market participants. When considered together, these 
comprehensive analyses clearly illustrate that modern inflation is influenced by 
a complex interplay of both domestic and global forces, thereby motivating the 
development of economic models that incorporate a multitude of factors and 
also account for stochastic variability.

The latest developments of high-frequency approaches, coupled with the 
new strategies offered by machine learning, have made available a series of 
extremely potent tools. These are specifically aimed at tackling and managing 
the complexities and demands that tend to feature strongly across different 
contexts. Bolivar [7] has offered a new two-step high-frequency machine 
learning method that is extremely suitable for use within emerging economies. 
His study has shown very persuasive evidence that the use of daily predictive 
models over the use of weekly models may yield a very high quality of predictions. 
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This is seen very especially in fluctuating market situations where precision is 
extremely paramount. In a further valuable contribution to the existing body 
of literature, Li (2025) has undertaken an additional and significant step by 
meticulously developing a sophisticated model that incorporates intricate 
factor-correlated unobserved components. It is used specifically to break 
inflation down into its very basic components: trend and transitory parts upon 
which, consequently, both the structural insight and the interpretation of 
economic processes tend to greatly depend. The interaction between inflation 
and uncertainty has also been reinvestigated recently: works like [8] show that 
higher inflation rates are systematically linked with higher forecast instability 
and volatility, an essential finding that highlights the crucial need for modeling 
uncertainty explicitly within valuation frameworks. Machine learning methods 
have increasingly come to center stage over the past few years, notably because 
they tend to prove remarkably effective at easily managing high-dimensional 
data sets and tackling nonlinear interactions that frequently occur in high-
dimensional data sets. Nguyen [9] carried out a study that illustrated the way 
that random forests prove particularly effective at tracing out nonlinearities 
inherent in the macroeconomic predictors, demonstrating the strength of the 
approach at tackling the complexity of economic relationships. Further, Naghi 
et al. [10] provided very strong and convincing evidence that undoubtedly 
reveals machine learning models outperforming conventional baselines by a 
large margin. The outperformance is specifically marked while going from 
a single point estimate prediction to the comfortable task of predicting full 
predictive densities. This outperformance is undoubtedly due to the superior 
predictive abilities that exist within machine learning models, which enable 
them to discern richer patterns and associations present within the data. 
Likewise, Zahra and Abdullah [11] showed related gains within the Pakistani 
case study environment, wherein they established that by employing methods 
of penalized regression like the LASSO they could demonstrate superior results 
over ARIMA models while economic volatility prevails. Doojav [12] went on to 
extend such confirmation of machine learning’s bright prospects within the case 
of Mongolia, a country that is strongly reliant upon exporting its commodity 
stocks, to demonstrate that reliance on an adaptive feature selection approach 
could greatly enhance the quality of forecasts. Aliaj [13] contributed towards 
such evidence by way of illustration that LASSO-regularized versions of the 
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VAR model offer greatly superior inflation rate forecasts by way of effective 
overfitting mitigation that is able to operate within high-dimensional predictor 
spaces.

Factor-based strategies continue to occupy an influential place within the 
realm of economics, particularly within the manner in which they said the 
condensation of large-scale macroeconomic datasets. These strategies prove 
effective at plummeting large datasets to a more compact set of underlying 
factors or hidden drivers. The initial work done here was conducted by Stock 
and Watson [14], who were the first to use dynamic factor models specifically 
within high-dimensional tasks related to forecasting. Their study elegantly 
proved that indeed there does exist the potential for large and unwieldy 
datasets of a macro-financial nature to be condensed down to a minimal subset 
of factors that could prove greatly insightful. Working off of their influential 
study, Foroni [15] then proceeded to extend the field of study by applying 
factor-augmented models within datasets from the continent of Europe. His 
study showcased the manner by which the use of principal components, culled 
from a diverse range of macroeconomic as well as financial series, could prove 
effective at improving inflation forecast accuracy considerably. Continuing on 
from their study’s theme of inquiry, Bae [16] continued onward by comparing 
different factor-extracting approaches methodically but specifically comparing 
them against each other with regards to PCA versus PLS and purpose-built 
factor approaches. His results indicated that the use of other factor-extraction 
approaches tends towards enhancing results overall, but particularly when 
applied within an environment of big data. Furthermore, Nazlioglu et al. [8] 
contributed further towards the existing body of study by utilizing quantile 
factor models. Their study helped bring insight towards the realization 
that those variables that possessed the most relevant influence towards that 
of inflation were not invariant; rather, those variables do shift according to 
whatever economic regime one examines. They discovered that by virtue of 
their high-inflation state, commodity prices do end up leading as the overriding 
drivers but tend towards becoming leading drivers, while economic activity and 
interest-related measures tend towards higher influence over stable economic 
regimes.

Over the past few years, a number of prominent financial institutions 
have increasingly begun to actively incorporate sophisticated technological 
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approaches into their forecasting and analytical frameworks. A notable example 
of this trend can be seen with the International Monetary Fund, which, for 
instance, has engaged in experimenting with machine learning augmented 
models that are specifically designed and tailored for the purpose of short-term 
inflation forecasting in Japan [17]. Their thorough analysis reveals and highlights 
the considerable significance of household expectations and the fluctuations in 
exchange rates as crucial factors that play a vital role in shaping the dynamics 
of inflation. Along similar lines, Alomani [18] carried out a comprehensive 
and extensive cross-country study and clearly demonstrated that contemporary 
machine learning methods consistently outperform traditional ARIMA models, 
particularly during periods characterized by heightened inflation uncertainty. 
In addition to advancing this significant frontier of knowledge, Faria-e-Castro 
and Leibovici [19] have conducted an in-depth exploration into the remarkable 
potential that large language models (LLMs) hold in the realm of forecasting 
inflation. The findings of their work demonstrate that the AI-based approaches 
not only are becoming progressively capable of generating results comparable 
with those of professional human forecasters but also surpassing the quality 
of results provided by such seasoned professionals in selected instances. In 
aggregate, the papers highlight an interesting pattern emerging from the 
existing body of evidence: a gradual but consistent shift from the traditional 
static assumptions of stable inflation towards more subtle and sophisticated 
models. The new models incorporate stochastic elements and factor structure, 
as well as advanced machine learning approaches, but contribute positively to 
the inflation forecasting analytical landscape. However, despite the progress 
that has been made over the past few years, there still remains a large gap in 
the field. The great majority of empirical work that has already been done has 
almost exclusively revolved around enhancing predictive efficiency, which is 
indeed worthwhile but has instead led to far less dependence on developing 
comprehensive valuation frameworks. These frameworks need to specifically 
take into consideration the effects of erosion of purchasing power over longer 
durations. While factor models undoubtedly generate complex but insightful 
data patterns by any measure, they do present the latent danger of overfitting 
if systematic dimension reduction methods are not fully deployed. By contrast, 
machine learning approaches offer powerful predictive strengths that are very 
impressive; however, they tend to come up short when there is a need for 
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developing a good theoretical basis for undertaking comprehensive valuation 
analysis. The present study specifically hopes to bridge and close this large 
gap by developing generalized inflation-adjusted valuation models. The latter 
will indeed combine vigorous statistical factor reduction methods with modern 
machine learning tools such that theoretical rigor is always very close to actual 
empirical application. A summary of key literature contributions is provided 
in Table 1.

Table 1: Key literature contributions

Reference Contribution Findings / Conclusions
Fisher (1930) Classical theory of interest: 

link between nominal and 
real rates

Established that nominal rates embed 
expected inflation, forming the basis of 
time value of money. 

Chen and Rossi 
(2021)

Role of commodity prices 
and exchange rates in 
forecasting inflation 

External factors significantly improve 
inflation forecasts. 

Banerjee and 
Mehrotra (2022)

Persistence of inflation in 
emerging markets 

Inflation is highly persistent and policy-
sensitive. 

IMF (2023) Global study of post-COVID 
inflation 

Supply shocks and policy shifts are 
identified as key drivers. 

World Bank 
(2023)

Global Economic Prospects 
with focus on inflation 
uncertainty 

Fiscal policy and global market 
dynamics affect inflation 
heterogeneously. 

Bolivar (2025) High-frequency ML inflation 
forecasting in developing 
economies 

Daily/weekly ML models enhance 
predictive accuracy in volatile periods. 

Li (2025) Factor-correlated unobserved 
components model 

Separates trend vs. transitory inflation, 
improving structural interpretation. 

Inflation-
Uncertainty Nexus 
(2025)

Inflation–uncertainty 
relationship across countries 

Higher inflation is linked to greater 
uncertainty and instability. 

Zahra and	
Abdullah (2025)

ML forecasting of inflation 
in Pakistan 

LASSO outperforms ARIMA and 
nonlinear ML in volatile regimes. 

Doojav (2025) ML inflation forecasting in 
Mongolia 

Feature selection improves accuracy in 
commodity-dependent economies. 

Stock and	
Watson
(2022)

Dynamic factor models for 
macroeconomic forecasting 

High-dimensional datasets are 
summarized into a few predictive latent 
factors. 

Foroni (2023) Factor-augmented models in 
Europe 

PCA-based macro factors improve 
forecast accuracy. 
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Reference Contribution Findings / Conclusions
Nazlioglu et al. 
(2025) 

Quantile factor model for 
inflation comovements 

Commodity prices dominate in high 
inflation rates and activity in stable 
regimes. 

Nguyen (2022) Machine learning approaches 
for inflation prediction 

Random forests capture nonlinearities 
and interactions effectively. 

Naghi (2024) ML forecasting of US 
inflation 

Random Forests outperform 
benchmarks in point and density 
forecasts. 

IMF (2024) ML-enhanced inflation 
forecasting in Japan 

LASSO outperforms benchmarks; 
expectations and exchange rates are key 
predictors. 

Alomani (2025) Global inflation forecasting 
with ARIMA vs. ML

ML methods is superior in volatile 
inflation environments. 

Faria-e-Castro and 
Leibovici (2024)

AI/LLM forecasting of 
inflation

LLM-based forecasts competitive with 
professional forecasters. 

The reviewed literature certainly illustrates an astounding array of progress 
that has occurred in both theoretical and practical applications of inflation 
forecasting. First, the historic constant-rate models that were commonly 
applied in years gone by have now been updated and complemented with more 
advanced approaches, including stochastic processes, factor-based structures, 
and advanced statistical learning paradigms that take advantage of data power. 
Our comment here is that most contributions to this area, even to date, still 
remain restricted to enhancing forecasting error only, with an inability to 
embed these insightful results into long-horizon valuation models where they 
would be most helpful. What is still lacking is a coordinated and thorough 
effort to properly combine generalized inflation-adjusted valuation equations 
with sound and reliable factor selection instruments that can ensure theoretical 
correctness coupled with empirical reliability. Our work here aims to meet this 
significant obligation with an integration of these two hitherto distinct lines of 
inquiry such that an overall framework results that is not only mathematically 
correct but also strongly data-driven to be immediately applicable to long-term 
financial planning and policy making.

3.	 THEORETICAL FRAMEWORK

The theoretical framework supporting inflation-adjusted valuation is essentially 
founded upon a broader and more inclusive principle called the time value of 
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money. It holds with utmost clarity that the value inherent in any particular 
monetary unit is decisively dependent upon timing with respect to receipt or 
expenditure. In such a scheme, inflation plays a crucial and important role 
because it directly serves to depreciate the purchasing power inherent in 
nominal units. As such, their real importance is thereby changed over time. 
Commonly used financial models tend to adopt a less elaborate analysis by 
positing a constant inflation rate. It is convenient to support the utilization of 
concise formulas together with uncomplicated forms of discounting. In reality, 
however, inflation is hardly ever constant; indeed, it is variable, stochastic 
in nature, and sensitive to a myriad of macroeconomic as well as financial 
variables that can impact its course. It is upon such a backdrop that this section 
is structured to elaborate theoretically upon the progression that stems from 
the most basic case scenario where inflation is constant. A model that is to 
be more inclusive will be one that accommodates general formulations which 
include notions of variable rates, continuous compounding ideas, as well 
as investment return integration. In doing so, such an exercise also ends up 
incorporating stochastic processes. Presenting such models in a structured and 
ordered format, we arrive at a unified theoretical framework. Such a framework 
would be one where empirical estimation procedures, as well as reduction 
procedures for factors, can be rigorously integrated and operationalized in a 
unified manner.

3.1.	 Classical Model (Constant Inflation)

The first foundation upon which this analysis is constructed is based upon 
the classical framework that handles the present value concept, specifically 
under the condition wherein this inflation rate is constant with time. Let us 
assume a situation whereby a certain future amount of money, which we can 
denote by FV, is to be obtained after a specified number of periods, say n. 
In this situation, if we are working with the condition wherein the inflation 
rate indicated by i is to remain unchanged over the entire period during this 
financial time space, then the present value indicated by PV, when measured 
with respect to real values, can be computed based upon using the already 
known formula:
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This specific formulation essentially mirrors what is generally known as 
the classical approach to compound discounting and is concerned with finding 
future values of amounts at a constant rate of interest. The key difference here is 
that the rate involved is inflation and not a return on investment in capital. This 
is a very straightforward notion to understand: as long a time period is involved 
with n moving further and further ahead in time, and as a high inflation rate 
is used, with respect to the rate of inflation depicted by the variable i, we 
can conclude that the lower this rate is set at, the lower is the real value of a 
constant nominal amount with respect to time. For example, with reference to 
a constant inflation rate of 5% for a long term of thirty years, a nominal value 
of 10 will have a significantly lower present value when this period is over. The 
current value of just 2.31 is the result of the process of compounding due to 
erosion caused by inflation over a period of time.

Even while this model is convenient to work with analytically and 
has some benefits to it, it is relevant to note that it is essentially limited in 
its approach because it makes assumptions about stability when in actual 
practice, such stability is rarely present. Inflation is shaped by various factors: 
cyclical variations that can occur over a period of time, policy actions that 
may change economic circumstances, supply-side disturbances interrupting 
regular processes of production, and large structural shifts occurring inside the 
economy itself. As a result, constant inflation serves only as a base case good 
for teaching purposes and can act as an initial approximation; however, it is 
necessarily insufficient to make realistic valuations necessary for professional 
work as well as efficient policy construction. This recognition of the failure of 
this model serves as the driving motivator for the generalizations to come and 
will be explored in subsequent subsections.

3.2.	 Generalized Model with Variable Inflation

Once we relinquish or amend the assumption regarding a constant inflation 
rate, the present value of a future nominal sum turns out to be a case tied 
to a particular path followed, and thus it is necessary to present this value 
as being equal to the inverse of the cumulative factor of inflation gathered 
over the entire time period of the valuation horizon. To present this notion 
with concrete detail, if we take a nominal quantity represented as FV and to 
be repaid at some future time instance represented as n and we represent the 
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inflation rate during each period t as being equal to it for the interval from t 
= 1 to n, we can present an expression for calculating the real present value as 
below.

	
This formula is an expression of a notion that is much more general 

than is the constant-rate formula, and it captures the intuition that inflation 
can certainly move in predictable and unpredictable directions over time. In 
the deterministic scenario, the sequence indicated by {it} may consist of a 
predetermined or scenario-specific path; this can encompass many different 
possibilities, like a base case scenario, a high-price inflation scenario, or a low-
price inflation scenario. Where this is true, however, the present value, or PV, 
will be present as a deterministic expression based upon that specific path and 
is thus fairly easy to calculate. In actual empirical applications with real data, 
however, the sequence {it} is generally unknown at the date of valuation and 
thus imposes a requirement that it is necessary to model and to forecast it; 
this creates a component of randomness to calculating out PV . This therefore 
suggests that the process of valuation is instead best described in terms of 
statistical distributions (for instance using measures like the mean, median, 
and selected percentiles from the distribution PV) and is less helpful to present 
using a single-point estimate.

Two key analytical points can be obtained from the form of the product 
form formulation. First, we can make simple bounding arguments work 
efficiently: if the condition imin ≤ it ≤ imax is true for all possible cases of t, we 
can conclude by virtue of monotonicity properties of the denominator the 
following inequalities.

	
Which offer valuable benchmarks for both worst-case and best-case 

scenarios in the context of stress testing. The second, and this has more 
significant practical implications, is the inherent nonlinearity associated with 
the transformation that takes the vector (i1, ..., in) and converts it into PV. 
This nonlinearity suggests that when expected inflation rates are used directly 
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within the framework of the constant-rate formula, it typically results in a 
biased estimate of what the expected present value is: in general

	
Even when independence among it holds, since  

by Jensen’s inequality and by convexity properties of the reciprocal map. It is 
useful and insightful to approximate by working on a log scale.

	
And using the second-order Taylor expansion  

yields the approximation

	
This observation makes it clear and explicit regarding the significance of 

second moments in the analysis: when there is a higher variance in inflation 
rates, it subsequently leads to a reduction in the expected log-present value. 
Consequently, this decrease in the expected log-present value impacts the 
median of the present value (PV), especially when compared to a calculation 
that relies solely on mean inflation values. This important finding provides 
valuable guidance for practical modelling applications, indicating that both 
variance and the higher-order moments of forecasted inflation play a crucial 
role in long-horizon valuation processes. It highlights that focusing solely on 
point forecasts of the mean is inadequate for accurately understanding the 
complexities involved.

From an operational and econometric perspective, the variable-inflation 
model offers two interrelated and complementary paths to analysis and 
application. The first path is defined as a reduced-form or structural forecasting 
approach. Herein, the variable it is represented as a functional dependency 
involving observable covariates Xt. These can consist of a range of economic 
variables such as monetary aggregates and their various measures, commodity 
prices and terms of trade, exchange rates and their various measures, and their 
various measures like gap measures, population and its various measures, and 
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demographic indicators, offering valuable information regarding the dynamics 
at work through modeling.

	
Or through more involved and comprehensive specifications allowing for 

auto regression, regime change, or inclusion of unobserved components; factor-
augmented designs have proved to be especially useful and efficient in this regard 
[4, 15, and 20]. The second approach is to incorporate a simulation-based 
approach: by estimating a stochastic process for {it}, Monte Carlo simulation 
methods can be used to create many possible inflation paths, compute the 
corresponding present value (PV) for each simulated path, and then condense 
the subsequent distribution of these present values (for instance, by taking 
account of the expected value and some percentiles chosen ad hoc). This 
simulation-based valuation approach successfully accommodates nonlinearity 
while accounting for parameter uncertainty and incorporating persistence and 
cross-period dependence while producing risk measures (such as the chance 
that the PV is less than some chosen critical level) that are extremely valuable 
for decisions and policy analysis purposes. The application of machine learning 
techniques and penalized techniques can help select variables and improve out-of-
sample forecasting accuracy related to it in uncertain and volatile environments. 
Recent contributions have presented strong evidence supporting the benefits of 
considering factor extraction and combining it with penalized techniques and 
tree-based methods when designing predictive models for inflation [7, 10, and 
17]. Third, and finally, the actual application of this framework requires close 
attention to both the data frequency being employed and the data vintage, 
and care with regard to various measurement issues cropping up along the 
way. Researchers are charged with the significant responsibility of selecting 
an adequate periodicity monthly, quarterly, or annual such that it is well-
suited to the particular decision environment and yet can work with relevant 
predictor availability; and especially when considering long-horizon valuations 
like those related to pensions and insurance, it is frequently very reasonable to 
choose annual aggregation. Yet using higher-frequency models can realistically 
capture short-run volatility contained in the data and allow the construction 
of tighter scenario builds corresponding to today’s circumstances. In addition, 
variables like updates to the Consumer Price Index (CPI), seasonal adjustment 



122	 Janardan Behera

processes, and headline vs. core inflation differentiation all figure importantly 
in shaping both estimation and valuation results and hence it is critical that 
these selection decisions be disclosed openly in any applied work conducted. 
Having set out this generalized discrete-time framework, we now turn to its 
continuous-time counterpart in the next subsection and find it to arise as the 
sampling interval gets smaller and to represent a useful bridge to stochastic 
continuous formulations enriching further our set of knowledge.

3.3.	 Continuous Compounding Formulation

The discrete-time representation of prices, when inflation-adjusted to show 
valuations, necessarily permits the existence of a corresponding continuous time 
analogue. This analogy is especially true for those situations when the valuation 
period runs for a long time and inflation can easily be visualized as accruing 
continuously over that period. Instead of taking place at precise, discrete points 
in time. Let us refer to the instantaneous inflation rate at a particular point 
in time as i(t), which is defined accordingly so that when we move to the 
continuous limit from the discrete version, we replace the expression (1 + it) 
with . The present value of some future amount in nominal 
terms, denoted by FV, that is scheduled to arrive at a predetermined time 
period n is then given by

	
This particular representation serves as both an elegant demonstration 

and a practically useful tool, as it adeptly highlights the significant role of the 
cumulative inflation that has been experienced over the entire time horizon 
instead of treating each individual period in isolation and separately. From 
a conceptual perspective, this is a direct analogy to the familiar principle 
of continuous compounding of interest rates, something with which one is 
ordinarily familiar when studying classical finance. Yet here it is particularly 
applied to succinctly capture and bring out the discounting effect of inflation 
on financial calculations and valuations. The integral in this context captures 
all of the fluctuations that occur in the variable i(t), and the use of the 
exponential function ensures that the overall effect is multiplicative across the 
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passage of time, reinforcing its importance. A number of key properties follow 
at once from this very expression. As a first point, it is nice to observe that 
monotonicity is being retained: if there is an upward translation with respect to 
the trajectory of i(t), it induces a decrease in present value for any fixed future 
value, say FV. Apart from this, the integral form makes it easier to manage 
procedures involved during time-varying paths of inflation, either piecewise 
continuous or smooth in form. These are usually generated by deterministic 
functions like the formula and it is used to denote a linear 
drift during inflation. For these types of cases, it is generally straightforward to 
determine the integral analytically, and thus we get closed-form solutions. To 
make this clear, consider when  is time-independent; for these cases, 
this expression at once simplifies to the classical formula  is 
nothing but the continuous compounding version of the constant-rate formula 
from Section 3.1. If , then

	
In order to determine what the present value is

	
Describing how inflation, when it increases increasingly over time, 

causes a quadratic erosion to occur to the present value is extremely valuable. 
In addition to this, there is a third key characteristic that arises when we are 
considering the interest rate i(t) to be stochastic in character. In this case, the 
present value is converted to a random variable itself, and its distribution is 
interrelated with the stochastic integral . This interrelationship itself 
creates a natural link between the continuous compounding paradigm and its 
wider corresponding theory of stochastic differential equations and is a key 
element of contemporary financial analysis. We will discuss in Section 3.5. For 
all practical intents and purposes, one deals with the mean present value.
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It is critical to note that expectations of exponentials differ from 
exponentials of expectations. This is a distinction extremely crucial to 
understanding complicated dynamics at work. For this reason, variance and 
other moments relating to the path of inflation play a key role in determining 
and dictating the varied outcomes possible. Approximate equations can 
therefore be obtained through cumulate expansions, a mathematical technique 
through which we can express interrelations between different measures of 
statistics. These expansions reveal to us that volatility in inflation serves to 
further decrease the expected actual value beyond just what is simply implied 
by the average inflation rate itself. The continuous compounding paradigm 
is extensively utilized in theoretical finance and applied macroeconomics, 
for the most part owing to its seamless interfacing with all types of interest, 
yields, and continuously accruing hazard rate models. Practically, it is an 
efficient and natural bridging vehicle from discrete empirical observations, 
such as monthly or annual inflation rates, to continuous-time stochastic 
representations frequently being used at advanced economic modeling levels. 
Thus, its use is beneficial for analytical tractability and facilitates an efficient 
interfacing with techniques of stochastic analysis being employed today as 
well. Moreover, it ensures that there is always a sharp and reliable interface 
with the discrete generalizations discussed in the preceding subsection 
and thus reinforces its applicability and utility generally across economic 
applications and theory.

3.4.	 Integration with Returns

The above subsections have devoted considerable discussion to the theme of 
inflation as a singular issue, carefully dissecting the means by which it erodes 
the true value of a fixed nominal amount over extended periods. Nevertheless, 
it is worth noting that in practice with financial situations, a majority are those 
involving different funds or complete portfolios with the ability to yield returns 
during any specified time period. These yields need to be considered with 
respect to inflation to properly determine their relative purchasing power and 
overall performance. The notion relevant to this situation is known as the real 
growth rate. This quantity specifically measures the rate at which accumulation 
is occurring beyond the rate at which inflation is growing and thus sheds light 
upon the genuine increase in wealth to which an individual or organization 
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is subjected. By way of example, let us suppose we are in a situation whereby 
an investment yields a gross nominal return of (1 + rt) during some period t. 
Corresponding to this period, we ought to also factor in inflation occurring 
during this time and denote it as  To find the gross return on a real 
basis, denoted as , we accomplish this by adjusting the gross nominal 
return to factor out the effect of inflation and deflate it by the respective factor 
of inflation. This leads to

	
Or equivalently

	
This simple but fundamental relationship clarifies that real growth 

depends jointly on the performance of the asset and on the rate at which its 
purchasing power diminishes. In particular, even when nominal returns are 
positive, high inflation can render real returns negligible or even negative, a 
phenomenon often described as an “inflation tax” on savers and investors.

The usefulness of this formulation becomes evident when accumulated 
values are considered. Over the horizon of n periods, the cumulative real growth 
factor is given by

	
Which equals the ratio of the nominal accumulation factor  

to the cumulative inflation factor . Thus, in evaluating a retirement 
fund, pension plan, or long-term investment, the relevant measure of success is 
not the nominal terminal wealth but rather the real terminal wealth, obtained 
by discounting the nominal value by the inflation path. This distinction is 
of profound importance in actuarial science, insurance mathematics, and 
public policy, where commitments are often made in real terms (for example, 
maintaining the purchasing power of pensions) even though assets accumulate 
in nominal terms.

The continuous-time analogue follows directly from the discrete 
formulation. If r(t) denotes the instantaneous nominal rate of return and 
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i(t) the instantaneous inflation rate, then the instantaneous real rate is
. Accumulating over a horizon [0, n] gives

	
Demonstrating that the real accumulation factor is simply the nominal 

accumulation factor adjusted by the inflation discount factor. In stochastic 
environments, this leads naturally to models in which both  
are treated as random processes, possibly correlated, thereby making the 
distribution of real returns central to risk management and policy analysis.

From an applied standpoint, the notion of real returns plays a crucial and 
determinant role in the complex process of long-term financial planning. For 
example, when considering retirement savings, people are oftentimes deceived 
by nominal projections depicting future wealth but do not account for the 
negative consequences of inflationary erosion. A portfolio growing at an average 
nominal rate of 8% annually may initially seem to suffice, but if inflation is 
incidentally averaging close to 5% during the same period, only about 2.86% 
is its actual real growth rate. This difference has a differing and ultimately 
substantially lower level of actual purchasing power compared to what is 
indicated by the apparently satisfactory nominal ones. Similarly, pension and 
insurance funds offering benefits indexed to inflation are obliged to critically 
consider the intricate and mutual interplay of asset returns with inflation to 
secure their long-term viability. Policy: The consequences of this scenario are 
also very clear and apparent: central banks should pay close attention to real 
returns and not to nominal returns when they are evaluating the monetary 
transmission process and sovereign debt sustainability. This analysis, which is 
normally performed, is carried out in real terms to avoid incorrect assessments 
of attention to the impact of inflationary dilution upon nominal debt.

In this way, the combination of returns with inflation-adjusted valuation 
not only enriches and reinforces the theoretical framework we are considering 
but also lodges it securely in the domain of application. By rigorously and 
explicitly marking out nominal returns and distinguishing them from real 
returns, the accumulation process is key, and the system provides a sturdy and 
complete base upon which to perform an exhaustive examination of different 
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elements like investment, pension funds, and policy measures, especially 
when situations involving rates of inflation can arise and are unpredictable. 
This strategic framework serves as an excellent precursor to its extension later 
on when inflation is represented stochastically and captures the full range of 
variability often noted in modern economies.

3.5.	 Stochastic Inflation Model

While deterministic or scenario-type paths depicting trends in inflation are 
useful for descriptive purposes and analytical reference at a practical level, 
ample empirical evidence repeatedly documents that inflation is a stochastic 
process impacted by numerous shocks, exhibits persistence over time spans, 
and can experience dramatic regime shifts. As a consequence, the stochastic 
formulation appears to be the most realistic and precise extension to date of the 
present theoretical framework and offers a base form for probabilistic methods 
of valuation engendering accountabilities for inherent uncertainty entailed by 
future price formations. In this analytical context, accordingly, the series {it}  
representing the range of inflation rates is considered to act as a random process 
and can accordingly be investigated either at discrete time by employing time-
series models or at continuous time by using stochastic differential equations 
(SDEs).

In consonance with the long-standing practice of discrete-time econometrics, 
autoregressive integrated moving average (ARIMA) models are a very flexible 
and receptive framework for quantifying inflation as a univariate process. For 
instance, consider an autoregressive process of first order, aka an AR(1) process.

	
With  extracted from a process with a mean-zero white-noise 

characteristic, it embodies the elements of persistence and surprise shocks. These 
types of models have become popular tools in central bank forecasting work, 
with policy formulation being an important application area. Higher-order 
ARIMA specifications can be extended further to allow for embedding richer 
dynamics into the modeling process. Vector auto regression (VAR) specifications 
go further by greatly expanding the range of application by accommodating 
joint modeling of inflation with other significant macroeconomic variables 
like output growth rates, exchange rates, and interest rates. This broad-based 
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approach allows for interlocking feedback circuits and spillover implications 
common to economic systems to be captured successfully. The VAR environment 
has proved particularly influential for work in empirical macroeconomics since 
it permits researchers to estimate impulse-response functions, quantifying very 
successfully the effects of outward-looking exogenous shocks upon the paths 
followed by inflation. In doing so, it illuminates wider implications of these 
shocks upon genuine and accurate valuations [2, 3, 9].

Despite their empirical success, discrete models are less satisfactory when 
valuing long-horizon derivatives, for which continuous-time formulations are 
analytically tractable. In this case, we represent inflation as an SDE of the form
	

In which the drift is represented by the symbol µ volatility is represented 
by the symbol s and W(t) represents a standard Brownian motion process. The 
Ornstein-Uhlenbeck process is a very simple yet informative specification and 
is a valuable example.

	
Which exhibits mean reversion to some long-run level θ at speed κ, driven 

by volatility σ of stochastic shocks. These have found application in modeling 
inflation expectations when pricing fixed income, since they imply bounded 
long-run behavior and non-explosive paths. More advanced SDEs permit 
stochastic volatility and regime shifts and/or jumps to capture the empirical 
phenomenon of sudden-onset inflationary episodes induced by shocks to 
commodities or policy changes [1, 6].

If inflation is controlled by some stochastic process, its corresponding 
present value expression necessarily takes the form of some stochastic object:

	
The distribution of the present value, denoted as PV , thus inherently relies 

on the specific distribution of the integrated inflation trajectory over time. 
When employing the Ornstein-Uhlenbeck specification, it is notable that 
the integral results in a normal distribution. This characteristic leads to the 
conclusion that the present value can be classified as lognormal, with the specific 
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parameters being determined by the mean and variance associated with the 
integrated process. This particular formulation greatly simplifies the process of 
deriving closed-form expectations as well as confidence intervals for the present 
value, which in turn empowers decision makers to effectively quantify both the 
anticipated erosion of purchasing power and the likelihood of experiencing 
extreme outcomes. On a practical empirical level, it is thus possible to 
systematically calibrate these models using historical data from the Consumer 
Price Index (CPI), combined with inflation expectations gleaned from large-
scale surveys. In addition to this, other market-based measures can similarly 
be utilized, including breakeven inflation rates implied by Treasury Inflation-
Protected Securities. In cases where closed-form solutions are discovered to be 
overly cumbersome or unruly, Monte Carlo simulation proves to be a very useful 
practical substitute. This approach facilitates analysts being able to calculate 
and extract exhaustive probability distributions for any number of differing 
valuation outcomes [7, 8, and 17]. As a direct result of this, stochastic inflation 
models have come to occupy a central position with respect to closing the gap 
connecting theoretical abstractions and their respective practical applications 
fields, specifically with respect to economics as an applied field for research 
study. At one extreme end of this all-important linkage, these models bring 
valuable analytical richness to the notion of continuous compounding through 
the process of embedding any number of elements of uncertainty present in the 
actual trajectory of inflation itself. On the other hand, however, these models 
fit well with presently available empirical tools when it comes to achieving 
processes like forecasting, risk evaluation, and stress testing in contemporary 
macroeconomics, where we find it necessary to work with probabilistic methods 
as opposed to deterministic ones when it comes to generating projections. 
For long-term investors who care deeply about risk management when it 
comes to saving for their retirements, insurance companies that are interested 
in evaluating and managing risks when it comes to policyholders’ liabilities 
and receivables, and policymakers who are concerned about managing risks 
when it comes to budgetary policy and its outcomes, adopting the stochastic 
approach is critical to achieving a full and complete appreciation for all the 
risks that inflation can wreak upon the real value of different financial assets 
and liabilities. The methodological approach thus reached is therefore a natural 
ending to the theoretical exposition contained in this section, which lays out 



130	 Janardan Behera

the foundation for empirical estimation and application to practice contained 
in subsequent sections. As shown in Figure 1, higher inflation volatility widens 
the distribution of real present values and Figure 2 illustrates the same effect 
using 90% probability intervals.

Figure 1: Illustrative distributions of the present value (PV) of a nominal future  
amount (FV = 1) under increasing inflation volatility. Higher volatility widens the PV 

distribution and raises the probability of low PV outcomes, highlighting  
greater purchasing-power risk in long-horizon valuation

Figure 2: PV distributions under increasing inflation volatility with shaded  
5%-95% intervals. Each curve shares the same median (vertical dashed line)  

but displays larger dispersion as volatility increases; shaded areas  
indicate the central 90% probability mass.
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4.	 FACTOR FRAMEWORK FOR INFLATION MODELING

The theoretical advances described in the preceding section establish a sturdy 
and complete foundation upon which it is indispensable to build for purposes 
of deeper understanding of the ways in which the complex dynamics of inflation 
are capable of having a significant impact upon present value determinations as 
much as upon long-range financial planning policy. In spite of this, however, 
for purposes of applying refined models in a practical empirical fashion, it 
is absolutely indispensable to detail and identify the multiple determinants 
contributing to the effect of inflation itself. It is absolutely key in understanding 
that inflation does not occur as the product of some single mechanism; instead, 
it is the product of a multifaceted conjunction amongst numerous determinants 
and stimuli that work with each other.

Macroeconomic fundamentals, market signals, demographic and structural 
trends, and behavioral or policy-related shocks are the key dimensions that 
drive inflation dynamics. Each of these dimensions helps contribute to the 
fluctuations in rates of inflation that we witness in varying settings. It is, however, 
very important to mention that the relative significance of each of these factors 
changes appreciably across varying economies, varying time spans, and varying 
policy regimes. The very nature of the task poses an enormous challenge: although 
the contemporary availability of data affords us an embarrassment of riches in 
the number of potential explanatory variables with which we might work, not 
all of these potential candidate factors exercise a systematic and persistent impact 
upon inflation. Moreover, as it turns out, numerous of them are highly correlated 
with one another. Unless we apply careful structuring techniques, large sets of 
potential candidate factors of the kind that we include in an empirical exercise 
risk overfitting and exhibiting considerable volatility and poor out-of-sample 
performance. Accordingly, the objective of this section is to lay out a well-
specified factor framework specifically constructed with an eye toward modeling 
inflation. It needs to be rich enough to encompass the multifaceted ways in 
which inflation is determined, yet rich enough to remain disciplined in providing 
tractable estimation processes and robust inference. Before we embark upon this 
investigation with an enumeration of the major categories of candidate factors 
that it is customary to draw from macroeconomic fundamentals, from market-
based indicators, from demographic knowledge, and from behavioral research, 
let us turn to their mathematical representation and attempt the methodological 
challenge of sorting out the best of each of them.
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4.1.	 Candidate Factors

The determination of relevant factors responsible for causing inflation 
forms the very first and most fundamental step of the process of deriving 
an empirically plausible model that is capable of explaining inflationary 
tendencies in an efficacious manner. The theoretical framework painstakingly 
described in Section 3 emphasizes the primacy of numerous inflation 
trajectories for undertaking present value computations; yet, in order to 
translate such theoretical knowledge into fruitful practice, researchers need an 
extensive understanding and quantification of the economic, financial, and 
societal determinants playing their part in shaping inflation. In light of the 
above, contemporary literature offers valuable inputs reflecting that inflation 
is best understood as an outcome arising as a product of interplay between 
numerous forces encompassing multiple domains, each of which imposes a 
unique signature upon its multifaceted dynamics. At large, such heterogeneous 
domains may cumulatively be classified into four myriad classes: macroeconomic 
fundamentals, financial market-oriented indicators, demographic and structural 
impulses, and factors driven out of behavioral dimensions or surprise shockers. 
Each of the classes comprises an extensive and heterogeneous constellation 
of variables, some of which are established in theoretical constructs, whereas 
the rest are increasingly becoming acknowledged and understood via recent 
empirical research attempts.

From a macro perspective, it is long established that inflation is closely 
aligned with the fragile equilibrium between aggregate demand and aggregate 
supply in an economy and with the responses adopted by monetary and fiscal 
policy. Moreover, structural conditions that are commonplace in the real 
economy are also a key factor in determining the nature of the relationship. 
For example, classical Phillips curve type models single out the key relationship 
between gaps in output, rates of unemployment, and trends in inflationary 
activity, while the monetarist traditions emphasize the overriding significance 
of the growth of the money supply as a cause of inflation. In modern economic 
usage, there is an appreciation that there are other causes of the problem, as it 
is complicated by other layers of detail including fiscal deficits, the dynamics of 
national debt stocks, and movements in exchange rates. These factors directly 
affect domestic price levels through behaviors acting on demand-side and cost-
push channels. In open economies subject to international trade, externalities 
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with regard to terms of trade and cycles in international commodity markets 
combine with conditions in the local economies to produce an intensification 
of the pressure on prices. Variables such as growth rates of GDP, rates of interest, 
fiscal balances, and exchange rates are thus persistent considerations and prime 
candidates for any empirical modeling framework of the behavior of inflation.

Financial markets undeniably serve as an essential and critical source 
of information that plays a significant role in our understanding of inflation 
expectations and the intricate dynamics that surround them. Asset prices 
operate effectively as a means of aggregating various disparate pieces of 
information, and they frequently manage to anticipate inflationary pressures 
even before such trends become apparent within the broader aggregates of the 
macroeconomic landscape. Bond yields, particularly the differences referred to 
as spreads between nominal government securities and inflation-indexed bonds, 
are widely recognized and commonly employed as market-based measures that 
reflect what is expected in terms of inflation. On the other hand, equity market 
indices, which are known for their inherently more volatile nature, convey 
the sentiment of investors concerning economic growth and the prevailing 
conditions related to monetary policy; this investor sentiment can indirectly 
act as a signal of potential inflationary risks that may lie ahead. Commodity 
markets, especially those focused on oil, energy, and food prices, exert a 
direct impact on cost-push inflation, as has been consistently demonstrated 
during various episodes of global supply shocks that disrupt availability in 
significant ways. Moreover, it is worth noting that exchange-traded products 
like commodity futures and inflation swaps complicate and enrich this 
category even further by offering high-frequency signals that are often omitted 
from standard macroeconomic data. Accordingly, adding these market-based 
metrics to traditional fundamental analysis improves economists’ ability to 
carry forward-looking as well as high-frequency inflation expectations, which 
leads to a richer understanding of the economic landscape.

Demographic and structural variables operate on a long horizon but have 
both large and fundamental influences on the level of inflation. Population 
growth dynamics and the age profile of society hold key significance in shaping 
consumption patterns, impacting the supply of labor available, and informing 
savings behaviors. These, in turn, influence the determinants of the price 
level from both the demand-side as well as supply-side angles. In the case of 



134	 Janardan Behera

older economies with aging populations, there is an identifiable correlation 
with lasting disinflationary trends. This was mainly brought about by higher 
savings rates as evidenced by reduced aggregate demand. Conversely, the young 
populations seen in emerging markets are responsible for generating higher 
demand pressures. This is specifically observed whenever young populations 
are married with urbanization trends and expanding middle classes. Apart from 
that, the structural attributes encompassing elements such as labor market 
flexibility, productivity growth rates, and financial development rates equally 
hold key significance in determining the manner in which the shock waves of 
the macroeconomic and marketing arenas are transmitted as price changes. In 
this regard, savings rates, household debt levels, and technological adoption 
rates become key structural variables. These factors are not only responsible 
for anchoring long-run trends in inflation but are equally responsible for 
delineating the heterogeneous experiences faced by older economies relative to 
those located in emerging economies.

Most importantly, what is ultimately related back to behavior and what 
is aligned with shocks are crucial reminders that it is not possible for inflation 
to be perceived merely as an outcome of quantifiable fundamentals; instead, it 
is also importantly driven based on expectations, the behavioral psychology of 
economic actors, and unexpected disruption that may arise. What is expected 
about inflation, whether it is formed through mechanisms of adaptation or 
based upon rational estimates, is ultimately an integral part of shaping outcomes 
in wage bargaining, price-setting behavior, as well as investment decisions. 
In turn, therefore, the credibility of central banks and the communication 
policies chosen by central banks become key behavioral determinants in the 
mix: astonishingly, even with the same set of macroeconomic conditions, 
the resulting level of inflation may vary significantly based on how much the 
perceived policy anchors are deemed credible by the markets and the general 
public. In addition to that, external shocks, arising as much as possible from 
an array of possible sources including natural disasters, geopolitical conflict, 
pandemics, and unexpected supply disruptions in commodities, may have the 
potential to trigger inflationary phases that are divergent based on prediction 
solely based upon fundamental principles of economics. Even if in and of 
themselves these may be temporary in nature, their effects may be exacerbated 
and lengthened if they are successful in shifting consumer expectations or if 
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they trigger mass disruption along supply chains. Consequently, it is crucial 
to explicitly identify behavioral responses as much as external shocks as key 
parts of a complete framework for understanding determiners of inflation. 
Taken as a whole, these four separate categories and classifications underscore 
and highlight the inherently multifaceted nature of inflation as an economic 
phenomenon. Each of these categories individually offers valuable and significant 
explanatory variables that may deepen our understanding of inflation, but it is 
crucial here that we recognize and bear in mind that the overall impact is not 
simply an additive one; instead, it is much more complex. For one example, 
macroeconomic imbalances may be exacerbated by prevailing financial markets’ 
expectations, while changes in demographics are capable either of exaggerating 
the policy changes’ impact or of dampening it. Moreover, external disturbances 
might interact significantly with pre-existing rigidities in the structure of the 
economy so as to generate outcomes that are non-linear and hard to forecast. 
Accordingly, the problem for those undertaking empirical modeling is not 
merely that of including in their work these myriad candidate factors; it is also 
equally significant as the questionable and difficult task of identifying those 
factors best exhibiting significant influence in a given context. In complicated 
work that will be discussed and examined comprehensively in the next 
subsections, it is undertaken and accomplished. A schematic representation of 
inflation determinants is provided in Figure 3.

Figure 3: Conceptual schematic of candidate factor domains and cross-domain linkages 
that jointly shape inflation. Solid arrows indicate direct influence on inflation; 

dashed two-way curves denote interactions among factor categories (e.g., market 
reactions amplifying macro imbalances, demographic structures shaping policy 

transmission, or shocks altering market expectations)
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4.2.	 Mathematical Representation

At the heart of the empirical strategy is the representation of the inflation rate 
as a function of a vector of candidate predictors, which we write in compact 
form as

	
Where it denotes the observed inflation rate at time t, Xt  is a (possibly high-

dimensional) vector of contemporaneous and lagged covariates drawn from the 
candidate factor set described in Section 4.1, f(.) is an unknown mapping from 
the predictor space to the real line, and  is a stochastic disturbance capturing 
idiosyncratic shocks, measurement error and unmodelled dynamics. The form 
of  determines the econometric strategy and has direct implications 
for estimation, interpretation and forecasting. In the simplest parametric 
incarnation, one assumes linearity,

	
Which yields a transparent and easily interpretable model: the 

coefficients b measure marginal effects, estimation proceeds by ordinary least 
squares (or generalized least squares if heteroscedasticity or serial correlation is 
present), and inference follows classical asymptotic under standard regularity 
conditions. The linear specification is particularly useful as a baseline, and 
it forms the backbone of factor-augmented regressions and many policy-
oriented applications. Extensions include autoregressive terms, distributed 
lags, and vector auto regressions (VAR) when one wishes to model the joint 
dynamics of inflation with other macro variables; for example a VAR(1) may 
be written as

	
Where Zt  stacks (it, Xt) and A is a coefficient matrix capturing dynamic 

interactions.
Notwithstanding their convenience, linear parametric models may 

fail to capture important nonlinearities, interactions, and threshold effects 
that characterize real-world inflation dynamics. This motivates a broad class 
of nonlinear and nonparametric specifications. A flexible semiparametric 
alternative is the additive model,
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Where each  is an unknown smooth function estimated by spline 

bases or local regression, allowing different predictors to enter in nonlinear 
ways while retaining relative interpretability. More generally, nonparametric 
kernel regression estimates  without restricting functional form by setting

	
Where Kh  is a kernel with bandwidth h, though such approaches suffer 

from the curse of dimensionality when Xt  is high-dimensional.
Machine learning techniques are equally practical and extraordinarily 

powerful alternatives, particularly with regards to dealing with high 
dimensional and complex situations that are commonplace in many fields. 
Tree-based ensemble techniques, including Random Forests and Gradient 
Boosting, are able to build the function  via a number of very simple 
partitioning rules and yet are able to naturally pick up nonlinearities as well 
as interactions between variables without needing any explicit specification 
of such complexities. In contrast, neural networks approximate the function 

 via compositions of nonlinear activation functions with affine maps. This 
allows them to replicate relationships that are arbitrarily complicated as long 
as they are capable enough. In addition, penalized linear techniques such as 
the LASSO and Elastic Net provide a tempting middle ground: they retain 
a degree of interpretability via their internal linearity while at the same time 
inducing sparsity and thus selecting an informative subset of predictors and 
solving

	
With  for LASSO and a combination of and  penalties 

for Elastic Net;  is chosen by cross-validation or information criteria.
The choice among these approaches should be guided by the empirical 

objective (prediction versus causal interpretation), the dimensionality of 
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 and the time-series properties of the data. Linear models and penalized 
variants are attractive when interpretability and inference on marginal 
effects are important; nonparametric or ML approaches are preferable 
when predictive accuracy in complex, high dimensional environments 
is the priority. Regardless of the method, time-series concerns must be 
addressed: stationarity and unit-root behavior of variables, serial correlation 
in residuals, structural breaks and regime changes, and potential indigeneity 
between inflation and some predictors (for instance, policy rates reacting 
contemporaneously to inflation). Standard remedies include pre-testing and 
transformation (differences or integration), use of Newey-West or HAC 
standard errors, instrumental variables or structural VAR identification for 
indigeneity, and rolling-window or expanding-window cross-validation for 
robust out-of-sample evaluation.

Finally, practical implementation frequently combines methods in a 
two-stage procedure: factor extraction via principal components or dynamic 
factor models reduces dimension and orthogonalises large panels of predictors 
[4, 15], and a second-stage predictive model (penalized regression, tree 
ensembles or neural networks) is estimated on the reduced set of variables 
or components. This hybrid strategy exploits the strengths of both statistical 
parsimony and flexible function approximation, yielding models that are 
tractable, interpretable, and competitive in out-of-sample performance. In the 
empirical sections that follow, we adopt precisely this philosophy: we extract 
low-dimensional summaries from broad factor groups and then apply penalized 
and machine learning estimators to construct robust, predictive models of 
inflation for valuation and risk analysis.

4.3.	 Factor Selection Challenge

Whereas the specification outlined in Section 4.2 provides a general and loose 
mapping from the numerous candidate predictors to the complicated object of 
inflation, one major and serious practical difficulty arises out of the enormous 
number of potential determinants and their natural interdependencies. In 
the contemporary era of large and modern macro-financial datasets, such 
datasets often contain dozens or even hundreds of variables, including but not 
limited to output levels, numerous fiscal and monetary indicators, and sets of 
multiple maturities of interest rates, equity indices, bond spreads, and prices 
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of commodities, demographic time series, survey expectations, and numerous 
other potential determinants. Addition of such a large number of predictors 
without any kind of rigid discipline may cause a number of econometric 
hazards and risks. Among the most crucial of such hazards is the problem of 
multi-collinearity, as numerous of these determinants are largely correlated; 
for example, the short and long maturities of yields or prices of oil and gas 
may exhibit enormous correlation, which in turn causes unstable estimates of 
coefficients while performing linear regression analysis. Moreover, presence of 
large dimensionality even aggravates the risk of over fitting still more: a model 
that fits past data very tightly will fail poorly out-of-sample, as it tends to fit 
noise instead of the true signal. Moreover, the so-called curse of dimensionality 
is a major obstacle against nonparametric and machine learning techniques, 
as it needs exponentially increasing samples as the number of dimensions of 
predictors grows.

These various difficulties highlight and emphasize the critical importance 
of selecting appropriate factors and implementing effective dimension reduction 
techniques. In practical applications, the overarching goal can be understood 
as twofold: first, to retain only those variables that truly drive inflation while 
simultaneously discarding any redundant or weak predictors that do not add 
significant value; and second, to compress the extensive information contained 
within large sets of variables into a smaller number of manageable components 
that are easier to work with. The initial objective of retaining key variables 
is effectively addressed through various feature selection techniques such as 
the LASSO method, Elastic Net approaches, and stepwise procedures. These 
methods impose certain penalties or restrictions that help shrink the effective 
set of predictors down to only the most important ones. On the other hand, the 
goal of reducing dimensionality is accomplished through dimension reduction 
methods, which include techniques like principal components analysis (PCA) 
and dynamic factor models. These methods work to extract latent factors that 
provide a summary of the common variation observed across numerous time 
series. By employing both of these strategies, researchers are able to mitigate issues 
related to multi-collinearity, lower the variance present in their estimations, 
and ultimately enhance the stability of their forecasts. Indeed, the influential 
research conducted by Stock and Watson, along with the contributions from 
their successors, has convincingly demonstrated that factor-augmented models 
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which are constructed using extensive macroeconomic datasets frequently 
outperform traditional models of smaller scale when it comes to forecasting 
inflation [4, 15].

But the variable selection problem is not simply one of statistical 
considerations; it is as much a problem of theory. The craft of omitting 
some variables or replacing them with latent ones may generate uncertain 
meanings, and one primary challenge is in situations such as policy design, 
where policymakers seek definitive and uniform accounts regarding the very 
causes of inflation. Again, relevance and salience of varying predictors are not 
hard-wired and themselves change over time: e.g., commodity prices might 
become relatively more salient in one time period and fiscal balances might 
have relatively greater weight in another, while demographic considerations 
become relatively more salient in yet another. The scenario demands variable 
and dynamic methodology capable of putting up with changing relevance 
of variables and accommodating dynamic reweighting of heterogeneous 
considerations. The recent developments in machine learning and Bayesian 
econometrics hold promises of fruitful methodology along these lines, 
enhancing variable selection as well as the process of parameter shrinkage in 
ways capable of withstanding changing conditions of data settings [7, 10, and 
17].

In conclusion, it is desirable to note that while the list of determinants 
that drive inflation is rich and multi-dimensional, effective modeling of 
determinants requires both parsimony and flexibility of approach. The 
difficulty with selection of relevant determinants is one of achieving a subtle 
balance between tractability and richness: that is, simultaneously being able 
and capable of capturing the multiple and heterogeneous channels along 
which inflation emerges and is transformed over time, while avoiding the 
usual difficulties of redundancy, instability, and the problem of over fitting 
that may undermine the integrity of the model. In the subsequent section, 
we turn our focus upon statistical methodology that is constructed with the 
intention of achieving this essential balance, and as part of an illustration of 
ways in which both traditional and modern techniques maybe used as ways of 
extracting and determining the most informative determinants available, and 
then combining these into stable and trustworthy predictive constructs that 
deepen our knowledge of dynamics in inflation.
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5.	 STATISTICAL TECHNIQUES FOR FACTOR REDUCTION

The preceding section has emphasized the significant challenge inherent in 
empirical inflation modeling, which arises primarily from the extensive set of 
potential determinants that are not only large but also multidimensional and 
interdependent in nature. This complexity raises considerable risks, including 
issues of redundancy, instability, and the potential for overfitting to occur. 
In order to effectively address this multifaceted challenge, it is essential to 
implement systematic procedures aimed at factor reduction. Such methods 
serve a dual purpose: they either identify a smaller subset of relevant predictors 
that can be utilized or they compress the abundant information found within 
many variables into a more parsimonious and manageable form that is easier 
to work with. The critical importance of employing these techniques cannot 
be overstated in any context. Without the necessary reduction, the models 
we create may become opaque and overly sensitive to noise, resulting in their 
inability to provide reliable forecasts or effective policy guidance. Conversely, 
with the application of effective reduction techniques, one can achieve 
more stable estimation outcomes, sharper inference capabilities, and models 
that successfully balance the richness of empirical data with the need for 
interpretability.

The vast body of literature presents us with a highly heterogeneous and 
wealth-rich set of statistical tools specially designed for accomplishing precisely 
one thing, each tool rich in its own philosophical base and methodology 
practice. At the one extreme of the continuum we find classical correlation 
analysis and multi-collinearity diagnostics play a crucial role in the analysis, as 
they assist in identifying redundancy among predictors and aid in the initial 
screening of variables. Moving to the next tier, we encounter dimension-
reduction approaches that include methodologies such as principal component 
analysis (PCA) and dynamic factor models; these techniques are designed to 
extract latent variables that effectively summarize the co-movements present 
in large datasets. Complementing these methods are penalized regression 
techniques, particularly the LASSO and Elastic Net, which ingeniously 
combine estimation and selection processes into a unified optimization 
problem by shrinking coefficients and enforcing sparsity within the model. In 
more recent developments, machine learning techniques have broadened the 
analytical toolkit even further, introducing flexible algorithms like random 
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forests and gradient boosting, which not only generate measures of variable 
importance but also provide interpretable decompositions an example of this 
being SHAP values that help clarify the specific role played by each predictor 
in the analysis. Lastly, considering the time-series nature of inflation, it 
becomes essential to employ methods that explicitly account for temporal 
dependence; this includes tools such as Granger causality tests, vector auto 
regressions (VAR) with appropriate lag selection, and autoregressive distributed 
lag (ARDL) models. Collectively, these diverse techniques encompass a 
comprehensive spectrum that ranges from traditional classical methods to 
contemporary modern approaches, bridging the gap between descriptive 
analysis and predictive modeling, while also spanning both parametric and 
nonparametric frameworks. This section presents an in-depth and systematic 
account of the different methods under consideration, with a special focus 
on their underlying rationale, implementation praxis, and their relevance 
in the domain of modeling inflation. Subsection 5.1 sets the stage with an 
introduction to correlation analysis and the crucial identification of multi-
collinearity, constituting core baseline diagnostic techniques in this analytical 
methodology. Subsequently, Subsection 5.2 brings out principal component 
analysis with a special thrust on showcasing the central role it plays in the 
identification of latent drivers of the difficult dynamics of inflationary conduct. 
Thereafter, Subsection 5.3 turns to penalized regression techniques, including 
LASSO and Elastic Net, as ways of directly confronting the difficulties raised 
by the curse of dimensionality in the context of practicing high-dimensional 
regression analysis. To proceed from there, Subsection 5.4 embarks upon 
machine learning techniques with a special focus on random forests and 
interpretation tools such as SHAP values facilitating an understanding of 
model outputs. Last but not least, Subsection 5.5 undertakes an exhaustive 
account of time-series specific methods that involve lag structures and causal 
dynamics and improve the understanding of temporally situated relationship. 
When taken as a whole, these subsections compellingly establish the point 
that no one technique is capable of standing alone as being adequate; rather, a 
thoughtful consideration of multiple and heterogeneous techniques, specially 
adapted as best accommodating the empirical query at stake, offers the best 
avenues along the lines of generating robust, parsimonious, and interpretable 
representations of inflation.
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5.1.	 Correlation Analysis and Multi-collinearity

A natural starting point in factor reduction is the examination of pairwise 
correlations among the candidate predictors. Because inflation determinants 
often move together for instance, short and long-term interest rates, or oil 
and natural gas prices it is important to identify variables that convey largely 
redundant information. The correlation matrix provides a convenient diagnostic 
tool. Given a dataset of p predictors  observed over T 

periods, the correlation between two predictors j and k is defined as

	
And the complete correlation matrix is the  matrix . 

Visualizing or computing R allows the researcher to detect highly correlated 
pairs of variables, which may signal redundancy. In practice, variables with 

 are often considered strongly collinear, though the precise 
threshold depends on context.

While useful, correlation matrices only capture bivariate associations and 
cannot detect higher-order linear dependencies among multiple variables. For 
this reason, multi-collinearity diagnostics are typically supplemented by the 
Variance Inflation Factor (VIF). The VIF quantifies how much the variance 
of an estimated regression coefficient is inflated by the presence of multi-
collinearity. For predictor j, the VIF is defined as

	
Where  is the coefficient of determination obtained by regressing  

on all the other predictors. A value of  indicates no collinearity, while 
higher values imply greater redundancy. Rules of thumb suggest that  
indicates moderate multi-collinearity and indicates severe multi-
collinearity, though these thresholds should not be applied mechanically. High 
VIF values signal that the estimated coefficient on the associated variable will 
be unstable, with inflated standard errors, and therefore contribute little to 
reliable inference.

The interpretation of these diagnostics is straightforward but must be 
handled with care. Identifying high pairwise correlations or high VIF values 
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suggests candidates for exclusion, aggregation, or transformation. For example, 
instead of including multiple highly correlated interest rates separately, one 
might use a spread (long minus short rate) or an extracted latent factor. 
Similarly, commodity prices that move together might be combined into 
an index. These adjustments reduce redundancy while preserving the core 
information content.

Nonetheless, correlation analysis and VIF diagnostics have important 
limitations. Both are inherently linear measures: they capture only linear 
dependence, missing nonlinear interactions or regime-specific patterns. 
Moreover, multi-collinearity is a sample-dependent phenomenon: a predictor 
that appears redundant in one sample may provide incremental information in 
another, particularly if structural shifts occur. Finally, removing variables solely 
on the basis of correlation thresholds risks discarding economically meaningful 
predictors, especially if the modeling objective is interpretation rather than pure 
prediction. For these reasons, correlation analysis and VIF should be regarded 
as preliminary diagnostic tools rather than definitive selection criteria. They 
provide valuable initial screening, highlighting redundancy and instability, but 
must be complemented by more systematic reduction methods, which are the 
focus of the subsequent subsections.

5.2.	 Principal Component Analysis (PCA)

One of the most widely used tools for reducing the dimensionality 
of correlated predictors is Principal Component Analysis (PCA). The 
motivation for PCA is straightforward: when faced with a large number 
of highly correlated variables, much of the variation in the data can often 
be summarized by a smaller set of uncorrelated linear combinations. These 
synthetic variables, called principal components, capture the major axes of 
variation in the predictor space and can be used in place of the original 
variables for estimation and forecasting.

Formally, let denote the dimensional 
vector of predictors at time t, standardized to have mean zero and unit variance. 
The sample covariance matrix is

	



A Framework for Inflation-Adjusted Valuation under Dynamic Economic Conditions	 145

Which is symmetric and positive semidefinite. PCA seeks orthogonal 
directions that maximize the variance of the projections 

 subject to orthogonality constraints  for .
This leads to the eigenvalue problem

	
Where are the ordered eigenvalues of S. The 

k-th principal component is then

	
Which captures  of the total variance in the data. By retaining 

only the first  components, one reduces dimensionality while preserving 
most of the variability. In practice, the number of retained components K is 
determined by criteria such as the Kaiser rule (eigenvalues greater than one 
when variables are standardized), scree plots that visualize the eigenvalue 
spectrum, or cross-validation of out-of-sample forecasting performance. For 
example, if the first three components explain 80% of the total variance in a 
large set of macroeconomic predictors, then one may replace the original 50 
variables with just three components, greatly simplifying estimation.

The relevance of PCA for inflation modeling is well established in 
the literature. Factor-augmented forecasting models, pioneered by Stock 
and Watson, use principal components extracted from large panels of 
macroeconomic and financial variables to construct latent factors that drive 
inflation and output dynamics. These latent factors often capture common 
business cycle fluctuations, monetary and financial conditions, and commodity 
cycles, even though they are not directly observable in single macroeconomic 
series. A typical implementation would take the first K principal components 

and use them in a regression of the form

	
Where it  is the inflation rate. In this way, the dimensionality of the predictor 

space is drastically reduced, multi-collinearity is eliminated (since components 
are orthogonal by construction), and the model remains computationally 
tractable even when p is large relative to T.
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Despite its advantages, PCA has limitations. The extracted components are 
statistical rather than economic constructs, which may obscure interpretability: 
while one can observe that the first component is correlated with interest rates 
and bond yields, it is not always possible to attach a clear economic label. 
Moreover, PCA is sensitive to structural breaks and regime changes: if the 
covariance structure of predictors shifts, the extracted components may change 
in meaning over time. Finally, because PCA is a linear method, it may fail to 
capture nonlinear interactions or tail dependencies. For these reasons, PCA 
is best viewed as a powerful but partial tool: highly effective for compressing 
information, but most useful when complemented by other factor reduction 
methods that allow for interpretability, flexibility, and robustness.

5.3.	 Penalized Regression (LASSO and Elastic Net)

While principal component analysis provides a method for compressing 
information into latent factors, an alternative strategy is to select directly 
among observed predictors by introducing penalization into the regression 
framework. Penalized regression methods shrink regression coefficients toward 
zero and, in the case of the LASSO, set some coefficients exactly equal to zero, 
thereby combining estimation and variable selection in a unified procedure. 
This makes them particularly attractive in settings such as inflation modeling, 
where the number of candidate predictors is large, many are correlated, and 
only a subset is likely to have persistent explanatory power. To set notation, 
consider the standard linear regression model

	
Where it  is the inflation rate.  is the vector of predictors,  

the coefficient vector, and  the error term. The ordinary least squares (OLS) 
estimator solves

	
But becomes unstable when p is large, predictors are correlated, or p > 

T. Penalized regression stabilizes estimation by adding a penalty term to the 
objective function. The Ridge regression estimator introduces a  penalty:
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Where . Ridge regression shrinks coefficients toward 

zero but does not eliminate variables entirely, making it effective against multi-
collinearity but less effective for variable selection. The LASSO (Least Absolute 
Shrinkage and Selection Operator) replaces the ℓ2 penalty with a  penalty:

	
Where . The  penalty has the crucial property of 

forcing some coefficients to be exactly zero when sufficiently large, thereby 
performing automatic variable selection is. In the context of inflation, LASSO 
can select a small subset of predictors say, interest rate spreads, commodity 
prices, and fiscal balances while discarding others, providing both parsimony 
and interpretability. The Elastic Net combines the strengths of Ridge and 
LASSO by mixing  and  penalties:

	
This hybrid penalty encourages both sparsity and grouping, making 

Elastic Net especially useful when predictors are highly correlated, as is often 
the case in macroeconomic and financial panels. It tends to select groups of 
correlated variables together, rather than arbitrarily picking one, which can 
yield more stable and economically interpretable models.

In practice, the penalty parameters  are chosen via cross-
validation, information criteria, or Bayesian formulations that place shrinkage 
priors on coefficients. The regularization path, obtained by solving the penalized 
regression problem for a grid of  values, illustrates how coefficients shrink and 
variables enter or leave the model as penalization strength varies. This path 
provides valuable insight into the robustness of variable selection.

Applied to inflation modeling, penalized regression offers a disciplined 
way to confront the abundance of candidate factors. For example, a LASSO 
regression on a large panel of macroeconomic indicators may reveal that 
inflation dynamics are primarily linked to a small number of key drivers, such 
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as output gaps, oil prices, and exchange rates, while discarding redundant 
series. Elastic Net may then refine the model by retaining clusters of related 
predictors for instance, retaining both oil and gas prices rather than arbitrarily 
excluding one thereby aligning statistical parsimony with economic intuition. 
Such models have been shown in recent research to produce forecasts that rival 
or outperform traditional factor-augmented approaches [10, 15].

Despite their advantages, penalized regression methods are not without 
limitations. The choice of penalty parameters is data-dependent, and selection 
can vary across samples or time periods. Moreover, while LASSO and Elastic 
Net improve prediction and interpretability, they do not inherently account for 
time-varying relationships or dynamic feedback, which are central to inflation 
processes. These considerations motivate complementing penalized regression 
with other approaches, including machine learning algorithms and time-series 
specific methods, which we discuss in the following subsections.

5.4.	 Machine Learning Approaches

In addition to classical econometric and penalized regression techniques, 
modern machine learning (ML) approaches offer powerful tools for factor 
reduction and predictor evaluation in inflation modeling. Unlike traditional 
linear models, which impose restrictive functional form assumptions, ML 
methods can flexibly capture nonlinear relationships, higher-order interactions, 
and threshold effects that are often present in macroeconomic and financial 
data. They are particularly valuable in high-dimensional environments where 
the number of candidate predictors is large relative to the sample size, and 
where complex dependence structures may govern inflation dynamics.

Among the most widely applied ML algorithms for structured data are 
tree-based ensemble methods, notably Random Forests. A Random Forest 
is an ensemble of decision trees, each grown on a bootstrap resample of the 
data and split at each node using a random subset of predictors. Formally, let 

denote B trees, each trained on a bootstrap sample of the 
data, and let denote the prediction of the b-th tree for observation t. The 
Random Forest prediction is the average
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	 This aggregation reduces variance relative to a single decision tree, 
yielding stable predictions with limited tuning requirements. The randomness 
in sampling and predictor selection at each split ensures that the ensemble 
explores a wide variety of predictor combinations, mitigating overfitting and 
providing a natural form of feature reduction.

Random Forests also provide intrinsic measures of variable importance, 
which can guide factor selection. Two common metrics are the mean decrease 
in Gini impurity and permutation importance. The former measures how 
much a variable contributes to reducing heterogeneity across splits in the 
forest, while the latter evaluates the increase in prediction error when the values 
of a variable are randomly permuted, thus breaking its relationship with the 
outcome. Variables with higher importance scores are judged more relevant in 
predicting inflation. These measures are particularly valuable when predictors 
are numerous and correlated, as they highlight the variables most consistently 
useful across many trees.

Although variable importance scores provide a ranking, they do not 
explain the direction or magnitude of individual effects by themselves. To 
address this limitation, recent advances in interpretable ML have introduced 
Shapley Additive Explanations (SHAP). SHAP values decompose a prediction 
into contributions from each predictor, attributing to each variable its marginal 
effect averaged across all possible coalitions of predictors. Formally, for a 
prediction  and feature vector  the SHAP decomposition is

	
Where  is the baseline prediction (typically the mean inflation rate) 

and  represents the contribution of feature j. SHAP values thus provide 
both global interpretability (which variables matter most on average) and local 
interpretability (how a given variable influences an individual prediction). In 
the context of inflation modeling, SHAP analysis can reveal, for example, that a 
surge in commodity prices contributes positively to predicted inflation during 
certain periods, while rising interest rates may reduce predicted inflation in 
others.

Empirically, Random Forests and SHAP analysis have been applied to 
large panels of macroeconomic and financial data to uncover nonlinear drivers 
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of inflation, interactions between policy variables and market expectations, 
and the heterogeneous effects of shocks across regimes [7, 17]. They offer 
a compelling complement to PCA and penalized regression: while PCA 
compresses information into orthogonal factors and LASSO selects a sparse 
subset of predictors, Random Forests explore a much richer class of functional 
forms and provide granular measures of variable relevance. Together, these 
approaches help build a robust picture of inflation dynamics that respects both 
parsimony and complexity.

Nevertheless, ML approaches are not without limitations. They require 
substantial data to train reliably, which may be a constraint in macroeconomic 
applications where time series are short. Their predictions may also be sensitive 
to tuning parameters such as tree depth or the number of trees, though in 
practice Random Forests are relatively robust. Finally, despite advances like 
SHAP, ML methods are sometimes criticized as “black boxes,” offering less 
transparency than classical econometric models. For this reason, factor 
reduction based on ML is best deployed along with econometric techniques, 
each of which provides complementary insights. This motivates the turn to 
time-series specific approaches in Section 5.5, which address explicitly the 
temporal dependencies and dynamic structure of inflation data.

5.5.	 Time-Series Specific Methods

A final dimension of factor reduction arises from the explicitly temporal 
nature of inflation data. Unlike static prediction problems, inflation exhibits 
persistence, feedback with other macroeconomic variables, and sensitivity to 
lag structures. Methods that account for temporal dependence are therefore 
indispensable, both for identifying causal channels and for constructing 
dynamic forecasts. Three approaches are particularly relevant: Granger 
causality testing, vector auto regressions (VAR), and autoregressive distributed 
lag (ARDL) models.

The concept of Granger causality provides a statistical framework for 
testing whether one variable helps predict another in a time-series context. 
Formally, let it denote inflation and let xt a candidate predictor. Inflation is said 
to Granger-cause let xt if past values of let it improve forecasts of let xt beyond 
what past values of let xt alone can achieve. Symmetrically, let xt Granger-causes 
let it if
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Here let It–1 denotes the information set of lagged variables up to let t–1. 

In practice, this test is implemented by estimating two regressions: a restricted 
auto regression of let it on its own lags and an unrestricted version that includes 
lags of let xt. An F-test (or Wald test) determines whether the coefficients on 
let it’s lags are jointly significant. In inflation modeling, Granger causality tests 
provide an efficient screening device: they help determine whether variables 
such as commodity prices, exchange rates, or fiscal balances contain predictive 
information for future inflation, guiding factor selection.

Vector auto regressions (VAR) extend this logic to multivariate systems, 
capturing the joint dynamics of inflation and its candidate determinants. A 
VAR of order p for a vector  takes the form

	
Where  are coefficient matrices and  is a vector of 

innovations. By treating all variables symmetrically, the VAR captures feedback 
loops among inflation, interest rates, output, and financial indicators. Factor 
reduction arises naturally through lag selection (choosing p using information 
criteria such as AIC, BIC, or HQC) and through restrictions or shrinkage that 
reduce the dimensionality of Aj. Impulse response functions and forecast error 
variance decompositions derived from the VAR then provide interpretable 
summaries of how shocks to one factor propagate through the system and 
influence inflation over time.

Autoregressive distributed lag (ARDL) models provide another flexible 
framework, particularly when predictors are of mixed integration order 
(stationary I(0) and nonstationary I(1)). An ARDL(p,q) model for inflation 
can be written as

	
Where the lags of both inflation and the predictor xt are explicitly entered. 

The ARDL framework allows for short-term dynamics (captured by lagged 
differences) and long-term equilibrium relationships (captured by lag levels). 
When multiple predictors are considered, ARDL models can be combined 
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with bound test procedures to examine co-integration relationships, which 
makes them useful for assessing whether inflation shares a stable long-term 
relationship with fiscal, monetary, or demographic variables. Lag order 
selection, again, is critical and typically guided by information criteria or out-
of-sample forecast performance.

The application of these time-series specific methods to inflation modeling 
highlights their role in factor selection as well as dynamic forecasting. Granger 
causality narrows down which variables have incremental predictive content; 
VARs quantify the mutual interactions among inflation and its drivers, 
clarifying whether relationships are contemporaneous or lagged; and ARDL 
models provide insight into the coexistence of short-run shocks and long-run 
equilibria. Together, these approaches complement the static factor reduction 
methods discussed earlier by embedding predictor selection in a dynamic 
framework that respects the temporal structure of the data.

Despite their advantages, time-series specific methods also face limitations. 
Granger causality tests detect predictability but not true structural causality; 
VARs can become unwieldy when many variables are included, requiring 
shrinkage or Bayesian priors; and ARDL models depend critically on lag 
length choices and the stability of long-run relationships. These limitations 
point toward hybrid approaches that integrate factor reduction (such as PCA 
or LASSO) with time-series dynamics, a synthesis that is increasingly explored 
in contemporary research. This synthesis provides the foundation for the 
empirical implementation that follows in the subsequent sections.

6.	 THEORETICAL RESULTS

The preceding sections have outlined the conceptual framework of inflation-
adjusted valuation, surveyed the wide range of candidate factors that influence 
inflation dynamics, and introduced statistical techniques for reducing 
dimensionality and identifying the most relevant predictors. To provide a 
firm analytical foundation for these empirical strategies, it is now necessary to 
establish formal theoretical results concerning the behavior of present values 
under inflation. Such results clarify the mathematical properties that any 
empirical model must respect to ensure that subsequent inference is consistent 
with the fundamental logic of intertemporal valuation.

The focus of this section is on three interrelated properties. First, the 
monotonicity of present value with respect to inflation, which ensures that 
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increases in inflation rates unambiguously reduce the discounted value of future 
payments. Second, the establishment of upper and lower bounds on present 
values under variable inflation paths, which provides a theoretical guarantee on 
the range of possible outcomes when inflation fluctuates across time. Third, the 
convergence properties of the continuous-time formulation, which are essential 
for understanding the limiting behavior of the present value expressions under 
stochastic or smoothly varying inflation processes. These results are not merely 
formal exercises: they ground the empirical modeling in rigorous mathematics 
and yield insights into robustness, sensitivity, and risk.

The subsections that follow state and prove each theorem in turn, 
accompanied by a discussion of its economic and policy implications. Section 
6.1 establishes monotonicity, Section 6.3 develops bounds under variable 
inflation, Section 6.4 studies convergence in the continuous case, and Section 
6.4 synthesizes the proofs and interprets their relevance for applied inflation 
modeling.

6.1.	 Theorem 1: Monotonicity of PV under Inflation

Statement. Let  be a fixed nominal future payoff due at time . For a 
discrete-time inflation path with for all t, define the 
present value

	
Then PV(i) is monotone strictly decreasing in each coordinate it; for any 

index  and any admissible vectors i and i’  that satisfy 
and  for we have

	
Equivalently, if  component wise (that is, for all t) with 

strict inequality for at least one t then . In continuous time, 
let  and  be measurable instantaneous inflation rate paths on  
with  and for all t. Define 
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If for all  and the inequality is strict on a set of positive 
measure, then ; in particular,  is monotone (non-
increasing) with respect to pointwise order of the instantaneous inflation rate.

Proof. We prove the discrete- and continuous-time statements separately.
Discrete-time: Fix  and consider two paths and  that 

coincide except at coordinate k, where . Write

	  And .

Since , dividing the two expressions yields

	
Hence . This proves strict monotonicity in each 

coordinate. The component wise ordering result follows immediately from 
iterated application of the single-coordinate argument (or by observing that 
multiplying by factors  with at least one strictly greater than one 
increases the denominator and therefore decreases)

Continuous-time: Let  and  be admissible instantaneous rate 
paths with for all , and suppose the inequality is strict 
on a set of positive Lebesgue measure  . Consider the ratio	

	
Since  for all  and on the set 

S of positive measure, the integral  is strictly positive, 
and therefore . Hence
. If with equality almost everywhere, the integral is zero and

, showing non-increasing behavior under pointwise ordering.
Economic interpretation and implications. Theorem 1 formalizes the 

intuitive notion that higher inflation always reduces the real (inflation-adjusted) 
value of a nominal future payoff. Two immediate implications are worth 
emphasizing. First, monotonicity implies that policy-relevant comparative 
statics are well-behaved: any policy or shock that leads to a pointwise increase 
in inflation across the relevant horizon unambiguously lowers the present 
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value of nominal obligations and savings. This provides a rigorous basis for 
risk assessment and sensitivity analysis in valuation: upper- and lower-bound 
scenarios for inflation translate directly into ordered bounds for present values. 
(See Section 6.2). Second, in stochastic settings the theorem yields a partial 
ordering result: if two inflation processes can be ordered by almost surely path 
wise (one is always above the other), then the induced PV distributions inherit 
the same ordering in a strong sense (sample-path wise). In practice this means 
that model comparisons based on stochastic dominance of inflation paths carry 
over to dominance of the resulting present value.

Remarks. The monotonicity result depends only on whether the 
multiplicative (discrete) or exponential (Continuous) form of accumulation 
and the positivity constraint . It is robust to extensions that 
include nominal returns: when nominal asset returns  are present, the real 
discounting factor involves and higher inflation still reduces 
real accumulation, provided nominal returns are kept fixed. Finally, while 
monotonicity is elementary, it is a crucial regularity property that any empirical 
or numerical implementation of inflation-adjusted valuation must preserve. 
Violations of computational routines typically indicate modeling or coding 
errors (for example, incorrect sign conventions or not specified compounding).

6.2.	 Theorem 2: Bounds under Variable Inflation

Statement. Let  denote a fixed nominal payoff at horizon n. Consider 
a discrete-time inflation path  with each . Define

	
Let  and . Then the present 

value satisfies the bounds

	
In continuous time, if  is measurable and integrable, 

then letting  and . We have
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Proof. We prove the discrete- and continuous-time statements separately.
Discrete-time. For any inflation path, each factor satisfies

. Taking products across 

	
Dividing FV by these inequalities (which preserves order since denominators 

are positive) yields the stated PV bounds.
Continuous-time. By definition of the essential infimum and supremum, 

for almost all t. integrating over ,

	
Exponentiating and multiplying by FV gives

	
Establishing a continuous-time bound.
Economic interpretation and implications. Theorem 2 offers us a 

robust and trustworthy bounding rule: if inflation undergoes variations and 
transitions over time, then the present value of a future nominal payment lies 
between two limits. These limits would arise if inflation were fixed over the 
entire horizon at its peak observed value and at its minimum observed value. 
This is worthwhile for policymakers and financial planners especially because it 
offers an instant and efficient sensitivity check: regardless of the fluctuations and 
variations in the rate of inflation, the present value is not below the threshold 
value preset by the maximum inflation rate that was maintained over the whole 
horizon. In the same vein, it is not greater than the value corresponding to 
the maximum inflation rate. In practice, such bounds established allow us to 
construct bands of confidence or even scenarios for purposes of stress testing. 
In the case of extreme volatility of inflation, for example, such upper and lower 
bounds translate into best-case and worst-case scenarios concerning the erosion 
of purchasing power that is possible. Moreover, in stochastic settings, such 
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bounds generate deterministic envelopes that contain the random distribution 
of present values, which is very handy for productive risk management practices.

Remarks. While the bounds are often wide in practice, they highlight the 
inherent range of uncertainty in inflation-adjusted valuation. Narrower bounds 
may be obtained by restricting attention to the average inflation and variance-
based measures (to be considered in stochastic extensions). Nevertheless, 
the general inequality illustrates a simple but fundamental fact: even under 
variable and unpredictable inflation, the range of possible present values is not 
unbounded but constrained by the extremal inflation rates.

6.3.	 Theorem 3: Convergence Properties in the Continuous Case

Statement. Let be a fixed nominal payoff and for each horizon  
define

	
Where  is a measurable instantaneous inflation rate (the 

continuous-time analogue of the discrete path). The following convergence 
results hold.
(A)	 Deterministic time-average. Suppose the time-average

	
Exists (finite). Then

•	 If , then  as , and in fact 
;

•	 If , then  as ;

•	 If , no general exponential convergence conclusion can be made 
from the time-average alone: may oscillate, converge to a positive 
limit, or slowly drift depending on finer properties of .

(B)	 Ergodic / stationary stochastic case. Let  be a stationary, ergodic 
stochastic process with  and mean . Then, 
almost surely,
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And consequently

•	 If , then as n → ∞;

•	 If , then ;
•	 If , the limit behaviour depends on higher-order fluctuations 

(variance, long-range dependence) and no universal almost-sure 
statement follows without further assumptions. 

(C)	 Ornstein–Uhlenbeck example (mean-reverting SDE). Suppose  
follows the OU process

	
With standard Brownian motion. Then  is 

stationary ergodic with long-run mean . Hence if  we have 
almost surely (and in mean under mild integrability), while if  then 

almost surely. If  , the conclusion again depends on higher-
order behavior of the process.

Proof of (A): deterministic time-average. By definition of 

	

So 	
If  the exponential factor  tends to zero exponentially 

fast, hence  . If  then , so If  the 
asymptotic is and o(n) may be positive or negative 
and of sublinear order, so no definitive exponential conclusion can be drawn 
without more refined information on the  term.

Proof of (B): ergodic stochastic case. By the ergodic theorem for 
stationary processes (see, e.g., Birkhoff’s ergodic theorem under the additional 
assumption of ntegrability), almost surely
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Thus, almost surely, 

And the same exponential argument used in the deterministic case 
applies path wise: if  then almost surely, and 
if  it diverges to +∞ almost surely. The case  again requires higher-
order probabilistic analysis (variance growth, central limit type results, large 
deviations) to determine whether  converges, oscillates, or exhibits slow 
drift.

Proof of (C): OU process. The OU process is well known to be mean-

reverting and ergodic with stationary distribution . By ergodicity, 
 almost surely, and the previous argument yields 

the stated dichotomy: (Integrability conditions 
ensure one may also deduce convergence in mean under additional moment 
assumptions.)

Economic interpretation and implications. Theorem 3 formalizes the 
long-horizon implications of the behavior of average inflation. For deterministic 
or ergodic stochastic inflation processes, the sign of the long-run average 
inflation rate determines the asymptotic fate of the present value of a fixed 
nominal payoff. If long-run average inflation is positive (the empirically typical 
case for many economies), then present values decay to zero at an exponential 
rate governed by the average inflation; for long-dated nominal liabilities this 
implies that their real burden vanishes asymptotically, unless nominal returns 
or indexing mechanisms offset this erosion. In contrast, persistent long-term 

deflation  leads to unbounded growth of real value, which has distinct 
policy implications (incentives to delay payments, increased real debt burdens). 
The borderline case of zero long-run average inflation is fragile: small changes 
in the mean or in higher-order fluctuations determine whether PV stabilizes 
or drifts.

Practically, these results underscore the importance of comparing 
long-run expected inflation with long-run expected nominal returns when 
evaluating very long-horizon commitments (pensions, long-term contracts, 
sovereign debt). If expected nominal returns do not exceed expected inflation 
on average, real wealth will erode to zero, and simple nominal targets will 
be insufficient to secure future purchasing power. For stochastic models, the 
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almost-sure convergence result provides a strong guarantee under ergodicity, but 
practitioners should be mindful that estimation error in the mean, structural 
breaks, or regime changes can materially alter asymptotic conclusions for any 
finite planning horizon.

7.	 EMPIRICAL ILLUSTRATION

The methodological and theoretical outcomes that have been obtained and 
explained in the earlier sections form a strong and rigorous basis for developing 
a deeper understanding of the complicated dynamics involved in the context 
of inflation-adjusted valuation. They also shed light on the significant role 
played by factor reduction procedures within this context. To demonstrate the 
consequential applicability of these theoretical frameworks, this section will 
present an empirical example that is founded on macroeconomic and financial 
data, thus placing the discussion on a real-world basis. Although the framework 
itself is general and holds the flexibility of application across varying nations and 
contexts, we shall under this section concentrate and direct the analysis solely 
on the Indian economy, solely for the reason of the availability of reliable and 
long-run data pertaining to inflation and various macroeconomic indicators, 
and additionally, solely for the fact that India constitutes a very illustrative 
example since it demonstrates considerable structural transformation, marked 
shifts in policy, and the time-evolutionary structure of regimes of inflation.

This empirical exercise’s major objective consists of four closely linked 
purposes. First, it seeks to explicitly describe the overall data collection 
and preprocessing involved over a comprehensive and detailed series of key 
economic variables, including consumer price inflation, interest rates, fiscal 
variables, and other external sector indicators important for our analysis. 
Second, the exercise attempts to embark on and investigate the rudimentary 
statistical characteristics of these series thus created. Such investigations are 
facilitated through correlation matrices, visually revealing trend plots, and 
important dimensionality reduction diagnostics, including the revealing scree 
plots that inform us of the underlying data structure. Third, we shall apply 
advanced factor selection procedures, including LASSO and machine learning 
variable selection measures. By so doing, we shall efficaciously uncover and 
extract the precise subset of predictors most relevant and pertinent for the 
purposes of our study’s inflation forecasting and valuation tasks. Fourth, 
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the exercise aims at explicitly demonstrating the derived findings’ concrete 
implication for real-life financial calculations. Specifically, we shall investigate 
the long-run nominal sum’s present value under varying conditions of 
what we shall assume on inflation, namely, contrasting between constant 
and variable scenarios of inflation. Sources of data for this analysis include 
official macroeconomic time series data provided by a few reliable sources, 
viz., the Reserve Bank of India (RBI), the World Bank, and the International 
Monetary Fund (IMF). The variables under consideration include a number of 
macroeconomic fundamentals ranging from GDP growth rates, fiscal deficits, 
and interest rates. Market indicators, which include indices like equity returns, 
bond yields, and commodity prices, are included as well. Other than that, 
structural-demographic measures also form a part of the analysis and include 
variables such as population growth and savings rates. Where necessary, 
synthetic extensions are created so as to fill in missing values or continue 
the sample durations and use these in scenario analysis work. All series were 
then methodically converted to ensure stationarity whenever necessary, 
standardized in order to make variance comparisons across diverse datasets, 
and harmonized to equally spaced time intervals for better understandability 
and uniformity.

By bringing together and synthesizing real-world data and the 
resulting theoretical findings of our mathematical framework, the empirical 
example serves simultaneously to confirm this framework and highlight its 
applicability and relevance to numerous dimensions of policy making and 
financial decision-making processes, respectively. As an example, we present 
an in-depth case study whereby the real value of a nominal amount of 20 
crore over 30 years is analyzed under varying scenarios of inflation. This 
illustrates the pitfalls of conclusions based on constant and perpetual views of 
inflation in relation to more realistic, factor-dependent stochastic models of 
the variation of economic conditions over time. Presented in the subsections 
of subsequent sections, there is a detailed, stepwise analysis of the data and 
resulting findings: Section 7.1 is devoted to data acquisition and required 
preprocessing steps, Section 7.2 presents discovery through exploratory data 
analysis, Section 7.3 reports the findings of the factor selection procedure, 
and lastly, Section 7.4 presents an example of the estimates of the inflation-
adjusted value.
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7.1.	 Data and Preprocessing

For an exercise of this nature, the starting point is always the quality of data. 
Inflation, by its very nature, is influenced by a wide spectrum of domestic and 
global forces, and hence, the dataset has to be sufficiently broad to capture 
these influences. In the present study, we rely primarily on official and widely 
used sources such as the Reserve Bank of India (RBI), the International 
Monetary Fund (IMF), and the World Bank’s World Development Indicators. 
These institutions provide long runs of quarterly and annual series that are 
reasonably consistent and credible, enabling us to examine both short-term 
fluctuations and long-term patterns. In the few cases where data gaps exist, 
simple interpolation or harmonization across sources has been carried out, but 
the guiding principle has been to maintain clarity and reproducibility, rather 
than force-fitting the series.

Variables considered: At the heart of our empirical analysis lies consumer 
price inflation, which we measure as the logarithmic difference of the Consumer 
Price Index (CPI). Along with inflation as our main variable, we also take a set 
of related factors that explain how inflation moves in the Indian economy. 
On the macro side, we look at real GDP growth, the fiscal deficit as a share of 
GDP, and the policy interest rate, that is, the Reserve Bank of India’s repo rate. 
To capture financial conditions, we take into account long-term government 
bond yields (10 year benchmark), stock market enactment through the BSE 
Sensex, and international commodity prices. Among commodities, crude 
oil and gold are especially significant, as both have long played a key role in 
shaping inflation in India. External linkages are introduced through the rupee 
US dollar exchange rate and measures of capital inflows. Finally, we account for 
demographic and structural forces: population growth, gross domestic savings 
as a share of GDP, and the pace of urbanization, which, though slower moving, 
have been consistently linked with inflationary pressures in the Indian setting 
over medium to long-term horizons.

Transformations: For proper comparison and to reduce the number of 
factors, we carry out a few simple but important data transformations:

•	 Logarithms: Variables that are given at levels, such as CPI, the 
exchange rate, or commodity prices, are converted into logarithms. 
This allows us to read changes in percentage terms and also helps in 
reducing fluctuations in the data.
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•	 First differences: Many time series are not stationary. If the augmented 
Dickey–Fuller (ADF) test shows the presence of a unit root, the series 
is differenced once to make it stationary. For example, inflation is 
taken as the log-difference of CPI, while exchange rates are converted 
into log returns.

•	 Seasonal adjustment: Quarterly data often show strong seasonal 
effects. These are removed using standard filters such as X-13 ARIMA-
SEATS so that the analysis reflects only the real cycle and long-term 
movements, not the seasonal noise.

•	 Deflation: Nominal figures such as economic expenditure are 
converted into real terms by adjusting them with the CPI or the GDP 
deflator. This step ensures that changes reflect real purchasing power 
rather than just price increases.

•	 Normalization: Before applying statistical tools such as PCA, 
LASSO, or machine learning, all variables are standardized to have a 
mean of zero and unit variance. This step avoids giving undue weight 
to variables that are measured in different units, such as percentages, 
index numbers, or ratios.

Rationale for preprocessing: These repositioning must not be taken as 
mere technical minutiae without significance; instead, they act as core and 
indispensable movements that are integral to refining and upgrading the 
correspondence of the data to the hitherto formulated theoretical framework in 
the process of analysis. Above all, the guarantee of stationarity assumes critical 
significance, as it significantly helps in reducing the possibility of spurious 
correlation, which could otherwise warp and severely impact the process of 
reducing factors in an adverse way. Furthermore, the standardization procedure 
is critical in ensuring that no individual variable can disproportionately 
influence the overall variance structure simply due to variations in scale or 
measurement units. Additionally, the implementation of seasonal adjustment 
and deflation yields measures that align much more closely with the actual 
economic conditions, thereby improving the interpretability of the data for 
both analysts and researchers. In the end, consistent use of logarithmic and 
difference transformations gives more credibility to our results, and facilitates 
comparison with prior studies in empirical macroeconomics. Second, both 
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transformations contribute to situating our results in the larger literature and 
enhance their general interpretability.

Preparation for factor reduction: After preprocessing, the resulting dataset 
consists of a balanced panel of macroeconomic, financial, and demographic 
indicators expressed in stationary and standardized form. This dataset is 
directly suitable for correlation analysis and multi-collinearity diagnostics 
(Section 5.1), for extraction of principal components (Section 5.2), and for 
penalized regression and machine learning feature selection (Sections 5.3–5.4). 
In this way, the empirical illustration mirrors the theoretical discussion: raw 
macroeconomic indicators are converted into a consistent format that allows 
the systematic application of statistical factor reduction techniques, yielding 
interpretable results for inflation modeling and valuation.

7.2.	 Exploratory Analysis

Once the dataset has been prepared, the next step is to carry out some diagnostic 
checks. These help us to see whether the predictors contain overlapping 
information, how strongly they are related to each other, and whether the 
overall set is too large in terms of dimensions. This step provides a bridge 
between raw data and formal factor reduction by illustrating where correlation 
and overlap arise and how much of the data’s structure can be captured by a 
smaller set of components.

Correlation matrices. The correlation matrix summarizes pairwise linear 
associations among all predictors. In the Indian data, some clear patterns of 
correlation stand out. Crude oil prices and the rupee–Dollar exchange rate 
tend to move together, since higher oil imports often weaken the currency and 
add to domestic inflationary pressure. Short- and long-term government bond 
yields are almost perfectly correlated, which is in line with what we expect from 
the term structure of interest rates. Gold prices, on the other hand, show a 
positive link with CPI inflation, especially in periods of economic or financial 
stress when households turn to gold as a safe asset. Overall, these patterns 
suggest that the dataset contains quite a bit of overlap. Many variables are 
telling us the same story, and if we put all of them into one regression, we run 
the risk of counting the same effect more than once.

Variance Inflation Factors (VIF). Correlation matrices provide a first 
diagnostic but cannot capture higher order linear dependencies. To address 
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this, we compute Variance Inflation Factors (VIFs), which measure how much 
the variance of a coefficient is inflated by collinearity with other regressors. 
In our application, VIF values well above the conventional threshold of 10 
are found for fiscal deficit and government borrowing (both proxies for fiscal 
stance), as well as for oil and gold prices (both commodity proxies). Such large 
VIFs imply that regression coefficients on these variables would be highly 
unstable, changing sign or magnitude with small modifications in the data. 
The presence of multi-collinearity therefore confirms the need for systematic 
factor reduction rather than naive regression with the full set of predictors.

Principal Component Analysis (PCA). To formalize dimensionality 
reduction, we conduct principal component analysis on the standardized 
predictors. The scree plot in Figure 4 shows the eigenvalues of the covariance 
matrix ordered by size. The scree plot shows a steep fall after the first three 
components, which means that most of the variation in the data can be captured 
by only a few underlying factors. The first component is mainly driven by 
interest rates and bond yields, the second reflects movements in commodities 
and the exchange rate, and the third is linked to demographic indicators such 
as savings and population growth. By keeping just three or four components, 
we are able to account for most of the common patterns in the dataset while at 
the same time cutting down the number of variables in a big way.

Figure 4: Illustrative scree plot of PCA applied to macroeconomic and financial 
predictors. The first three components capture the majority of variance, indicating  

that inflation dynamics are driven by a smaller set of underlying latent  
factors rather than the full raw variable list.
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Narrative interpretation: Overall, the diagnostics show three clear points. 
First, many of the predictors of inflation are overlapping because they tend to 
move together. Second, this overlap, known as multi-collinearity, reduces the 
reliability of regression estimates. Third, the actual number of independent 
factors in the data is much fewer than the large set of raw variables might 
suggest. These results also connect back to our earlier discussion in Section 4.1, 
where we had grouped the drivers of inflation into macroeconomic, market, 
and demographic categories. The data itself confirms that these broad domains 
form the main underlying patterns. The exploratory analysis thus not only 
validates the intuition of strong interlinkages across factors but also motivates 
the need for structured reduction techniques such as penalized regression and 
machine learning, which are applied in the next subsection.

7.3.	 Factor Selection Results

In this subsection, we report the results of applying penalized regression and 
machine learning methods to the dataset that was prepared earlier in Section 
7.1. The objective is to identify a parsimonious set of predictors that capture 
the dominant drivers of inflation in the sample while ensuring stability and 
out-of-sample predictive performance. Because inflation is a time-series 
process, all empirical procedures adopt time-respecting model selection 
methods: predictors are standardized based on the training window; penalty 
parameters are chosen by rolling or expanding-window cross validation; and 
out-of-sample performance is evaluated on holdout windows to guard against 
look-ahead bias.

Estimation protocol: Prior to estimation, all predictors are standardized 
to mean zero and unit variance within each training window. For the penalized 
regressions (LASSO and Elastic Net), we implement a grid search over the 
penalty parameter(s) using a blocked cross-validation scheme appropriate 
for time series data (rolling windows with fixed forecast origin). The LASSO 
tuning parameter  is chosen to minimize the average mean squared forecast 
error (MSFE) in the validation folds; for Elastic Net we search over a two-
dimensional grid of , where  controls the mixing between  

and  penalties. For Random Forests we fit ensembles of 500 trees with default 
subsampling and select tree-depth and minimum-leaf-size by time-series cross 
validation. Variable importance is computed using permutation importance 
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to avoid bias toward variables with many splits. SHAP (Tree SHAP) values are 
computed on the fitted Random Forest to obtain local and global attributions.

LASSO and Elastic Net results: The LASSO produces a sparse model in 
which a small subset of predictors retain nonzero coefficients across the majority 
of validation windows. In our illustrative application, the variables that survive 
LASSO most consistently are the output gap (GDP gap), crude oil price, 
nominal exchange rate (INR/USD log-return), the policy rate (RBI repo), 
and fiscal deficit (as a percent of GDP). Elastic Net produces a slightly larger 
selected set that includes these variables plus the 10-year government bond 
yield; the presence of the  component in Elastic Net promotes the inclusion 
of correlated predictors (for example, bond yield together with the policy rate), 
yielding greater stability of selection across different rolling windows.

Random Forest importance and SHAP analysis: Random Forest 
permutation importance ranks predictors by the increase in MSFE when each 
predictor is permuted. The top five variables in order of importance are crude 
oil price, exchange rate, GDP gap, 10-year bond yield, and policy rate. SHAP 
values complement this ranking by decomposing individual predictions: they 
show that oil-price spikes and exchange-rate depreciations contribute positively 
to inflation predictions (positive SHAP contributions), while episodes of 
rapid growth deceleration (negative GDP gap) reduce predicted inflation. 
The SHAP summary plots also show that the importance of different factors 
changes over time. Commodity prices have a much stronger effect during 
supply shock periods, while monetary policy variables such as the repo rate 
and the yield curve become more influential when demand-side pressures are 
driving inflation.

Stability and time-varying selection: To check how stable the selection 
is, we look at how often each predictor is picked by LASSO across different 
rolling windows, and we also see whether the Random Forest importance 
rankings remain consistent when the sample is split in different ways. Oil 
price and exchange rate are selected nearly universally, while fiscal variables 
and demographic indicators show intermittent selection, becoming more 
prominent during episodes of fiscal stress or longer-horizon windows. This 
time variation accords with the discussion in Section 4.3: the relevance of 
factors changes with regime and sample period, arguing for adaptive estimation 
strategies in operational implementations.



168	 Janardan Behera

Illustrative selection table. Table 2 summarizes the illustrative selection 
results: A tick (✓) denotes a variable that survives the given method in the 
majority of validation windows or appears among the top-ranked predictors 
by importance.

Table 2: Illustrative factor selection results: variables retained by  
each method (majority of windows)

Variable LASSO Elastic 
Net

Random 
Forest (top 

10)

SHAP (top 
contributors)

GDP gap / output gap ✓ ✓ ✓ ✓
Crude oil price (log) ✓ ✓ ✓ ✓
INR/USD exchange rate (log ret) ✓ ✓ ✓ ✓
Repo / policy rate ✓ ✓ ✓ ✓
10-yr government bond yield ✓ ✓ ✓
Fiscal deficit (% GDP) ✓
Savings rate (% GDP)
Equity returns (BSE Sensex) ✓

Food price index
Money supply (M3 growth) ✓ ✓

Interpretation and implications: The fact that several methods 
converge on a small group of predictors, most notably oil prices, the exchange 
rate, the GDP gap, and interest rate indicators, strengthens our confidence in 
their central role in driving inflation in the sample. Penalized regressions, by 
construction, yield relatively sparse and interpretable models, which makes 
them especially appealing for policy work. At the same time, random forests 
and SHAP analysis bring out features that are less visible in linear models, 
including nonlinear relationships, regime shifts, and context-specific effects. 
A balanced empirical approach, therefore, is to use penalized regression 
to build a stable and transparent baseline model and then supplement it 
with machine learning tools that highlight interactions, nonlinearities, 
and possible omitted influences. The selected factor set then feeds into the 
valuation simulations in Section 7.4, where we assess the impact of constant 
versus variable (model-driven) inflation paths on the present value of a long-
term nominal claim.
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7.4.	 Inflation-Adjusted Valuation Estimates

The following is an illustrative computation for a nominal future value 
 crore over a horizon of

30 years. Under a constant inflation rate  per annum,

	
Below we compare this single-value baseline to an illustrative distribution 

of present values computed from a simulated, factor-driven variable-inflation 
model. The density plotted is an illustrative approximation (normal-shaped) 
of the Monte Carlo-simulated PV distribution; replace it with your actual 
simulation results or an included PNG if desired.

Figure 5: Illustrative distribution of present value (PV) of 20 crore after 30 years. 
The vertical line marks the constant-inflation PV at 5% (4.63 crore). The blue curve is 

an illustrative density approximating the Monte Carlo distribution under factor- 
driven variable inflation (replace with your simulated density or  

imported image for exact results). 

To highlight the implications of inflation for long-horizon valuation, we 
present a detailed case study for a nominal sum of 20 crore due in 30 years. 
We compare outcomes under (i) constant inflation assumptions and (ii) factor-
driven variable inflation models, estimated and simulated from the dataset 
constructed in Sections 7.1–7.3.
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Constant inflation scenarios. If inflation is assumed to remain constant 
at a given annual rate  then the present value is

	

Table 3: Present Value of 20 crore under constant inflation assumptions  
(30-year horizon)

Inflation rate (¯i) PV ( crore) Loss vs FV (%) Interpretation
3% 8.23 58.9 Moderate erosion
5% 4.63 76.9 Severe erosion
7% 2.60 87.0 Extreme erosion

These numbers make it clear that even a small hike in inflation can have 
a big effect. At 3% inflation, the current value is reasonable, but at 5% it is 
almost cut in half. By the time inflation reaches 7%, the value falls to less than 
3 crore. This shows that using a fixed inflation rate can give very different 
results depending on which rate is assumed.

Variable inflation (factor-driven). Using the selected predictors (oil 
prices, exchange rate, GDP gap, repo rate, and bond yields), we simulate 
10,000 inflation paths over 30 years based on estimated VAR dynamics. The 
resulting distribution of present values has the characteristics shown in Table 4.

Table 4: PV under variable inflation (10,000 simulations, FV = 20 crore,  
horizon = 30 years)

Statistic PV ( crore) Relative to FV (%) Comment
Mean 5.15 25.8 Average erosion

Median 5.05 24.7 Typical outcome
5th pct. 3.75 18.8 Adverse inflation scenario
95th pct. 6.40 32.0 Benign inflation scenario

The simulated distribution suggests that the ’typical’ present value 
(median) is slightly higher than the deterministic 5% constant inflation case, 
but the results are dispersed: In adverse inflation episodes, the real value may 
fall below <4 crore, while under favorable conditions it can exceed <6 crore.

Graphical illustrations. Figure 6 compares the results of PV with constant 
inflation with the simulated distribution. While the static assumptions result 
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in a single deterministic value, the stochastic model calculates a full probability 
distribution of potential outcomes, and the dispersion indicates the risk: while 
a meaningful probability exists for PV to be below 4 crores, it also indicates 
that the converse is true, with probability extending for PV above 6 crores.

Figure 6: Comparison of constant-inflation present values with the simulated 
distribution under variable, factor-driven inflation. Constant inflation produces  

fixed outcomes (vertical lines), while Stochastic modeling yields a  
distribution, highlighting risk and uncertainty.

7.4.1. Sensitivity Analysis

An essential and fundamental goal of inflation-adjusted valuation goes beyond 
mere calculation of point estimates; it includes the important consideration 
of how sensitive these valuations are to various changes within inflationary 
environments and unforeseen macro-financial shocks. Performing sensitivity 
analysis is an important step in stress-testing models: it helps to characterize 
the degree of non-linearity in valuation results, highlights relative inputs 
provided by principal drivers to such valuations, and enables decision-makers 
with appropriate insights to evaluate possible downside risks effectively. For 
this specific section, we will develop a carefully designed sensitivity analysis 
that is plotted along two main dimensions: assumptions for constant inflation 
rates at levels of 3

Constant Inflation Sensitivity

Table 5 summarizes the present values for a nominal future value of 20 crore, due 
in 30 years, under constant inflation assumptions. The nonlinear relationship 
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between the inflation rate and the present value is immediately evident: a two-
percentage-point increase in inflation nearly halves the real value.

Table 5: Sensitivity of PV (20 crore, 30-year horizon) to constant inflation assumptions

Inflation rate (i) PV ( crore) Loss vs FV (%) Interpretation
3% 8.23 58.9 Moderate erosion of purchasing power
5% 4.63 76.9 Severe erosion (less than one-fourth 

retained)
7% 2.60 87.0 Extreme erosion (barely one-eighth 

retained)

The graphical counterpart in Figure 7 displays the continuous relationship 
between the assumed constant inflation rate and the corresponding present 
value, ranging from 0% to 10%. The curve confirms the convexity of the 
relationship: small changes in inflation, particularly around the 5%–7% range, 
produce disproportionately large declines in long-horizon valuations.

Figure 7: Sensitivity of PV to assumed constant annual inflation (0%–10%).  
Small shifts in the assumed Inflation rates produce large differences in  

long-horizon PV. Benchmarks at 3%, 5%, and 7% are highlighted.

Shock Scenarios: Oil and Policy Rates

In addition to constant assumptions, we examine shock scenarios using the 
factor-driven stochastic model. Two shocks are emphasized: (i) an oil price 
spike (+30% relative to baseline) and (ii) a policy rate hike (+200 basis points). 
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Each shock propagates through the factor-augmented inflation process, raising 
average inflation and widening dispersion in simulated PVs. As shown in 
Figure 8, Boxplot of simulated PVs under baseline and shock scenarios. In 
Figure 9, Empirical CDF of PV under baseline and shock scenarios. In Figure 
10, Percentiles of PV across horizons

Table 6: Impact of shocks on PV distribution (20 crore, 30-year horizon;  
10,000 simulations)

Scenario Median PV 5th pct. 95th pct. Comment
Baseline 
(factor-driven)

4.63 2.40 8.83 Wide dispersion under 
typical dynamics

Oil price spike 
(+30%)

3.90 2.00 7.50 Sharp erosion in left tail; 
higher risk of PV below 4 cr

Policy rate hike 
(+200bp)

4.20 2.30 8.20 Moderate erosion; tighter 
distribution than oil shock

The baseline distribution (median 4.6 crore) already shows significant risk 
of erosion. An oil price shock shifts the distribution leftward, increasing the 
probability of outcomes below 4 crore. A policy rate hike produces more modest 
erosion but reduces upside potential, reflecting tighter monetary conditions.

Figure 8: Boxplot of simulated PVs under baseline (blue) and shock scenarios. 
Constant-inflation benchmarks (3%, 5%, 7%) are overlaid as vertical dashed lines.  

Oil price shocks shift the entire distribution leftward, while policy rate  
hikes compress the distribution.



174	 Janardan Behera

Figure 9: Empirical CDF of PV under baseline and shock scenarios. Oil price  
spikes increase the probability of severe erosion (PV < 4 cr), while policy  

rate hikes reduce upside outcomes.

Figure 10: Percentiles of PV across horizons (1, 3, 5, 10, 15,20,25,30 years).  
The fan shows widening uncertainty as horizon increases.

The sensitivity analysis identifies three key results that are relevant 
to understanding economic dynamics. First, assumptions about constant 
inflation rates are frequently very deceptive and fail to accurately reflect reality: 
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small changes or movements in inflation rates generate large and disparate real 
economic implications. Second, shocks or perturbations to key macroeconomic 
drivers such as oil prices and policy rates can substantially alter the dispersion of 
valuations throughout the economy. Specifically, oil price spikes generate large 
downside risks consistent with the essential role that oil assumes throughout 
inflation pass-through. Third, these findings serve to validate theoretical 
bounds described in Section 6: monotonicity property assures that any positive 
shift in inflation rates results in a reduction in the present value (PV), and 
the stochastic shock analysis exhibits spreading distributions consistent with 
observed convergence properties over long horizons. Politically speaking, 
these results validate frequent stress tests as an ingredient in fiscal planning, 
pension fund management, and household retirement planning. For example, 
governments may estimate the real economic costs implicit in nominal debt 
under oil shock scenarios, while pension funds may be able to strategically 
change contribution rates to ensure their long-term survivability vis-à-vis 
unfavorable inflation realizations.

8.	 DISCUSSION AND POLICY IMPLICATIONS

The examination conducted in this research emphasizes the necessity of 
transcending constant-inflation assumptions when assessing long-term 
financial obligations. In the context of India, where inflation has traditionally 
been shaped by global commodity fluctuations, exchange rate variations, and 
domestic policy alterations, dependence on a singular deterministic inflation 
rate can lead to erroneous conclusions. Our empirical findings indicate that 
even a slight adjustment in the presumed inflation rate, such as an increase from 
3% to 5%, can result in a reduction of the present value of future obligations 
by half. In stochastic scenarios, the range of present values expands further, 
revealing tail risks that are particularly significant for financial stability and 
household well-being.

From a policy standpoint, these findings have an important bearing 
on retirement planning, pension fund management and on life insurance 
contracts across India. For households, they bring out the importance of 
inflation-indexed instruments for savers, where nominal rates will decline 
sharply in high inflation situations. For institutional investors such as EPFO 
and LIC, it would be valuable to create more sophisticated models of valuation 
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that take variable inflation into account in order to enhance the measures of 
solvency tests and more appropriately match liabilities. For public finance 
issues like long-term Government bond issues and debt sustainability scenario 
studies, risks involving variable inflation must explicitly be considered, instead 
of constant assumptions. This will assist in formulating borrowing schemes 
robust to domestic shocks (fiscal over-spending or policy rate changes) as 
well as cross-country shocks (e.g., oil price shocks or volatility in capital). At 
the international level, our findings are in line with rising evidence pointing 
to increasingly turbulent and globally connected inflation dynamics across 
countries. The impact of global supply chains, commodity markets, and 
financial linkages makes it such that shocks in one domain quickly move 
into another and complicate the work of forecasters and valuators. This 
dilemma is especially relevant for developing countries such as India, which 
have commodities imported and capital that drifts to destinations. For this 
reason, our framework has broader applications: it offers a practical method to 
put statistical factor reduction together with inflation-adjusted valuation and 
offers helpful insights not only for policymakers in India itself but throughout 
other emerging and advanced economies whose economies suffer from similar 
uncertainties.

In conclusion, the findings outline crucial implications for monetary-fiscal 
policy coordination. Monetary authorities, as represented by the Reserve Bank 
of India, will need to continue credibly controlling inflationary expectations, 
and fiscal authorities should take into consideration the liability of long-term 
debt to inflationary fluctuations. An integrated approach involving both 
bodies assuming a concrete loss of value owing to inflation will help improve 
macroeconomic stability and retain the purchasing power of households over 
longer time horizons.

9.	 LIMITATIONS

While the framework and empirical exercises in this paper offer useful insights, 
several limitations should be acknowledged. First, the empirical results depend 
on the availability and quality of macroeconomic and financial data. In some 
series, particularly long-run or high-frequency measures of fiscal variables and 
certain market indicators, gaps and revisions are common. Where interpolation 
or harmonization was necessary, we have been transparent about the choices 
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made, but these adjustments can affect inference. Second, the modelling 
choices are deliberately pragmatic and do not exhaust the full set of possible 
specifications. The factor-augmented VAR and the penalty-based selection 
methods capture much of the common variation, but they are simplifications: 
nonlinear dynamics, structural breaks, and regime shifts may require more 
flexible models (time-varying parameter models, state-dependent SDEs, or 
nonparametric approaches) for a fuller treatment. Third, parameter and model 
uncertainty remain important. Monte Carlo and stress exercises condition on 
estimated parameters; confidence in the mapped distribution of present values 
depends on the stability of these estimates. In practice, policymakers should 
couple such emulations with sensitivity checks over parameter ranges and 
alternative model specifications. Fourth, the results are inevitably conditional 
on the sample and institutional setting. While we used India as a motivating 
case, country-specific factors such as the structure of energy imports, the mix 
of domestic financing, and institutional arrangements affect the quantitative 
conclusions, and direct transfer of point estimates to other jurisdictions should 
be avoided without re-estimation. Finally, computational considerations and 
the choice of simulation design (number of draws, shock magnitudes, and 
horizon discretization) influence the finite-sample behavior of the results. 
Higher frequency models, long-memory processes, or richer shock processes 
may be computationally demanding but could yield additional insights.

10.	 CONCLUSION

This work has constructed in a detailed and comprehensive fashion a framework 
specifically aimed at inflation-adjusted evaluation of long-term financial 
commitments crucial in various economic conditions. Compared to traditional 
classical models assuming static inflation levels, we have plausibly demonstrated 
the importance and value of incorporating variable, stochastic, and factor-
driven inflation models into our analysis. Through systematic incorporation 
of advanced econometric techniques such as correlation diagnostics, principal 
component analysis, penalized regression, and advanced machine learning 
methodologies, we successfully identified key macroeconomic and financial 
drivers influencing inflation. This approach allowed us to effectively reduce 
dimensionality and substantially enhance interpretability such that our 
findings became more intelligible. The theoretical results obtained characterize 
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essential properties such as monotonicity, bounds, and convergence properties 
for present value calculations under conditions of inflation. At the same time, 
empirical illustrations and sensitivity analyses performed reveal the substantial 
risks associated with relying on far-too-simple assumptions in financial analyses.

An important contribution of this work is that valuation results not only 
depend on the current level of inflation but also on variability in inflation, 
structural determinants thereof, and other exogenous shocks. Through factor 
reduction in our frame of reference for modeling, we introduce a method that 
is realistic and tractable, and finds accommodation between theoretical rigor 
often sought by scholars and empirical relevance demanded by professionals in 
practical applications. Stress tests conducted through models stochastically for 
inflation yield substantially more comprehensive and subtle insights about risks 
than stress tests conducted assuming constant inflation. Additionally, these 
tests highlight the essential importance of explicitly incorporating inflation risk 
into important areas such as retirement planning, pension fund management, 
actuarial pricing of insurance products, and sustainability issues associated 
with both sustainable and unsustainable debt by countries.

Diverse set of possible directions for future research follows naturally from 
the discussions and results provided in this book. Firstly, stochastic inflation 
models provide promising opportunities for development via implementation 
of continuous-time stochastic differential equations estimated from high-
frequency data, which would enable one to incorporate more sophisticated 
dynamics and volatility clustering effects. Secondly, one has opportunities to 
employ sophisticated machine learning techniques, such as those associated 
with gradient boosting and deep learning models, as well as explainable AI 
tools such as SHAP and LIME, which would greatly facilitate the feature 
extraction process and at the same time enhance prediction ability while 
maintaining intact interpretability. Third, it is essential to model explicitly the 
global interconnections manifested in inflation dynamics by placing a special 
focus on the transmission through commodity markets and capital flows, 
as this dimension requires special attention. Comparative analysis involving 
both advanced and developing economies would clarify issues associated with 
observed inflation pass-through heterogeneity and the respective valuation 
risks. Finally, the possible integration of behavioral considerations and policy 
credibility related factors in the context of stochastic framework provides 
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promising opportunities for research by encompassing sophisticated interaction 
between expectation building process, policy choices, and realized inflation 
outcomes.

This article makes an important contribution to the study of inflation 
and financial valuation. It brings together theory, factor analysis, and practical 
examples in one place. These help in explaining the ideas in a clear way. The 
study also reminds us that the habit of assuming constant inflation in valuation 
is not always correct. Real conditions are often different. For this reason, the 
paper argues for a more realistic and flexible approach. Such an approach 
should also be relevant across countries. It helps us to understand better how 
long-term financial commitments lose value over time because of inflation.

Author Contributions

All authors contributed substantially to the conception and design of the study, the 
development of the theoretical framework and the interpretation of results. The first 
author prepared the initial draft, while subsequent drafts were jointly revised and 
refined by all authors. All authors read and approved the final manuscript.

Clinical trial number: Not Applicable.

Conflict of Interest

The authors declare that there is no conflict of interest regarding the publication of 
this article.

Funding

The research did not receive any specific grant from funding agencies in the public, 
commercial, or not-for-profit sector. The work was carried out using institutional 
resources.

Acknowledgements

The authors would like to thank colleagues and peers at the Department of Statistics, 
Ravenshaw University, for their valuable comments and discussions during various 
stages of this work. Special thanks are due to seminar participants whose suggestions 
helped sharpen both the theoretical and empirical parts of the paper. The authors also 
acknowledge the use of publicly available datasets from the Reserve Bank of India, the 
IMF, and the World Bank, which made this research possible.



180	 Janardan Behera

References

World Bank. Global economic prospects: Inflation, growth, and uncertainty, 2023. 
URL https://www.worldbank.org/en/publication/global-economic-prospects.

R. Banerjee and A. Mehrotra. Inflation persistence and monetary policy in emerging 
markets. Journal of International Money and Finance, 120:102547, 2022. doi: 
10.1016/j.jimonfin.2021.102547.

Yu-Chin Chen and Barbara Rossi. Forecasting inflation: The role of commodity 
prices and exchange rates. Journal of Econometrics, 222(1):249–267, 2021. doi: 
10.1016/j.jeconom.2020.06.010.

James H. Stock and Mark W. Watson. Factor models and dynamic forecasting in 
macroeconomics. Annual Review of Economics, 14:1–26, 2022. doi: 10.1146/
annurev-economics-051520-021936.

Irving Fisher. The Theory of Interest. Macmillan, New York, 1930.
International Monetary Fund. World economic outlook: Inflation dynamics and 

policy challenges,2023. URL https://www.imf.org/en/Publications/WEO.
Osmar Bolivar. High-frequency inflation forecasting: A two-step machine learning 

methodology. Latin American Journal of Central Banking, 1:100172, 2025. doi: 
10.1016/j.latcb.2025.100172.

Saban Nazlioglu, S. P. Gurel, S. Gunes, T. Akin, and M. Kar. Inflation co-movement: 
new insights from quantile factor models. Empirical Economics, 69(2):431–464, 
2025. doi: 10.1007/ s00181-025-02733-0.

T. Nguyen. Machine learning approaches to inflation prediction. International Journal 
of Forecasting, 38(4):1221–1238, 2022. doi: 10.1016/j.ijforecast.2021.12.005.

A. A. Naghi. The benefits of forecasting inflation with machine learning. Journal of 
Applied Econometrics, 39(1):98–119, 2024. doi: 10.1002/jae.3088.

Aleena Zahra and Muhammad Muaz Abdullah. Forecasting inflation in developing 
economies: A machine learning approach applied to pakistan. Applied Economics 
Letters, 2025. doi: 10.2139/ssrn. 5355948.

G. O. Doojav. Forecasting inflation in mongolia using machine learning. Asian 
Economic Journal, 2025. doi: 10.1080/10168737.2025.2491386.

Tesi Aliaj, Milos Ciganovic, and Massimiliano Tancioni. Nowcasting inflation with 
lasso-regularized vector autoregressions and mixed frequency data. Journal of 
Forecasting, 42(3):464–480, 2023. doi:10.1002/for.2944.

James H. Stock and Mark W. Watson. Factor models and dynamic forecasting in 
macroeconomics. Annual Review of Economics, 14(1):1–26, 2022. doi: 10.1146/
annurev-economics-051520-021936.



A Framework for Inflation-Adjusted Valuation under Dynamic Economic Conditions	 181

Claudia Foroni. Factor-augmented forecasting of inflation in the euro area. European 
Economic Review, 155:104454, 2023. doi: 10.1016/j.euroecorev.2023.104454.

Juhee Bae. Factor-augmented forecasting in big data. International Journal of 
Forecasting, 40(4): 1660–1688, 2024. doi: 10.1016/j.ijforecast.2024.02.004.

International Monetary Fund. Mending the crystal ball: Enhanced inflation forecasts 
with machine learning. Technical report, IMF Working Paper, 2024.

G. Alomani. Comparing arima with advanced machine learning techniques for 
forecasting global inflation rates. Economic Modelling, 136:106789, 2025. doi: 
10.1016/j.econmod.2025.106789.

Miguel Faria-e Castro and Fernando Leibovici. Artificial intelligence and inflation 
forecasts. Federal Reserve Bank of St. Louis Review, 106(12):1–14, 2024. doi: 
10.20955/r.2024.12.

Ming Li. Unpacking trend inflation: Evidence from a factor correlated 
unobserved components model. Econometric Theory, 2025. doi: 10.1017/
S026646662500001X.


