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Abstract

This study examined the relationship between the Monetary Policy Rate
(MPR) and inflation across five continents from 2014 to 2023 using both Fre-
quentist and Bayesian Linear Mixed Models (LMM). It extends the first part
of this research which analyzed the relationship between exchange rate and
MPR on inflation using the Generalized Additive Mixed Model under both
the Frequentist and Bayesian frameworks. The Frequentist LMM revealed a
positive and significant relationship between MPR and inflation, indicating
that higher MPR is associated with increased inflation, though the effect varied
minimally across continents. The Bayesian LMM produced a positive poste-
rior mean for MPR, but its 95% credible interval included zero, reflecting un-
certainty about the magnitude of the effect. Posterior predictive checks and
convergence diagnostics confirmed model adequacy. The impact of monetary
policy was stronger in Asia and North America but negligible in Africa, Eu-
rope and South America. Overall, the Bayesian LMM demonstrated superior
flexibility, predictive accuracy and richer uncertainty representation.

Keywords

Monetary Policy Rate, Inflation, Rate, Random Slope, Frequentist Linear
Mixed-Model, Bayesian Linear Mixed-Model

1. Background of Study

Inflation occurs when there is a sustained increase in the general price level of

goods and services within an economy. During inflationary periods, the oppor-
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tunity cost of holding money rises, leading to inefficiencies in the use of real re-
sources in transactions. Inflation weakens the purchasing power of money and
erodes the standard of living. Two critical determinants of inflation are the level
of money supply and the stock of goods and services. When inflation persists,
these factors become the primary targets of economic policies. An excess money
supply may induce excess aggregate demand, resulting in higher inflation, while a
shortage could trigger stagnation and impede economic growth [1]. Although fis-
cal policy plays a role in combating inflationary pressures, monetary policy re-
mains the principal tool employed by central banks to ensure price stability. How-
ever, its effectiveness is contested, particularly in developing economies where in-
flationary challenges persist despite repeated policy interventions [1].

Medium-term price stability has long been regarded as the core goal of mone-
tary policy. As Lowe (1997) [2] observed, high inflation distorts decision-making
and slows economic growth, while monetary policy is the most effective instru-
ment for influencing medium-term inflation outcomes. Similarly, Constancio
(2015) [3] noted that inflation dynamics since the Great Recession have exhibited
instability, producing systematic forecast errors. Friedman’s classical dictum that
inflation is always a monetary phenomenon, highlights the long-standing belief in
the centrality of monetary policy, a view emphasised by Roberts (2004) [4], who
argued that policy changes can substantially alter inflation dynamics. Yet, while
economic theory suggests monetary policy should abate inflationary pressures,
empirical evidence remains mixed.

The report from International Monetary Funds (IMF) indicates that globally
inflation trends have fluctuated across decades. Following extremely high infla-
tion in the 1980s and 1990s, rates stabilised between 3 - 5 percent in the early
2000s. A sharp increase occurred during the 2008 global financial crisis, but infla-
tion remained relatively stable throughout the 2010s until the onset of the 2021
inflation crisis. Despite the economic impact of the Corona Virus (COVID-19)
pandemic, global inflation initially fell to 3.26 percent in 2020, before rising to
4.66 percent in 2021 as supply chain disruptions took effect. The Russia-Ukraine
war further aggravated inflationary pressures, alongside rising food and energy
prices and post-pandemic fiscal instability. By 2024, global inflation reached 5.76
percent, its highest level since 1996 [5]. Regional variations in inflation trends are
also notable. For instance, in Sub-Saharan Africa, the average annual inflation rate
rose from 6.36 percent in 2014 to a peak of 17.57 percent in 2023. Much of this
increase, particularly after 2020, has been attributed to the combined effects of the
COVID-19 pandemic, geopolitical shocks and persistent currency depreciation.

Given these dynamics, monetary policy formulation becomes complex when
influenced by multiple interacting variables. As Manmohan and Irfan (2019) [6]
argue, policy credibility and expectations are critical: market participants must
anticipate the direction of monetary policy in order to form rational expectations
about inflation outcomes. The effectiveness of monetary policy, however, depends

heavily on prevailing economic conditions. During crises, central banks may
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adopt more flexible measures, while in periods of expansion, tighter policies may
be necessary to prevent overheating. Consequently, the debate over the effective-
ness of monetary policy in controlling inflation remains unresolved [7].

This study contributes to the ongoing debate on the global effects of monetary
policy by examining how monetary policy rates influence inflation across five con-
tinents from 2014 to 2023. The first part of this research examined the global effect
of monetary policy rate and exchange rate on inflation using both Frequentist and
Bayesian Generalised Additive Mixed Models (GAMMs), which incorporated
continent-specific random slopes for exchange rate alone. The results indicated
modest and model-dependent heterogeneity in the random slopes, while the
GAMM approach effectively addressed linearity violations in the dataset. The
findings further revealed that the exchange rate had no statistically significant im-
pact on inflation, whereas the monetary policy rate emerged as a significant de-
terminant, underscoring its crucial role in controlling inflation [8].

Building upon that earlier study, the present research departs methodologically
by excluding the exchange rate and incorporating both random intercept and ran-
dom slope components for the MPR. The analysis employs the Linear Mixed
Model (LMM) framework for both Frequentist and Bayesian paradigms, with a
square root transformation applied to the inflation data to correct for normality
violations. Specifically, this study focuses on examining the relationship between
the MPR and inflation rate across five continents from 2014 to 2023. This design
enables a deeper assessment of heterogeneity in the relationship between MPR
and inflation rate across continents, thereby providing new evidence on the global

effectiveness of monetary policy in managing inflation.

2. Literature Review

Several researchers have widely assessed the relationship between monetary policy
and inflation across different contexts, with a focus on instruments such as inter-
est rates, money supply and credit channels. Loso et al (2025) [7], using multiple
linear regression, found that interest rates exhibit a negative relationship with in-
flation, suggesting that higher interest rates reduce inflationary pressures. In con-
trast, money supply and bank credit were positively associated with inflation
which reveals that greater liquidity and credit availability fuel rising prices.
Kamugisha and Tibamwenda (2025) [9] employed Vector Autoregression
(VAR) and Bayesian econometrics to analyse the interaction between monetary
policy, inflation and economic growth. Their findings revealed that inflation is
highly persistent, with past inflation serving as a strong predictor of future infla-
tion. While interest rate adjustments were effective in moderating inflation, the
broader impact of monetary policy on economic growth was limited as external
economic conditions also played a critical role. Impulse Response Functions
(IRFs) and Granger causality tests further indicated that inflation negatively af-
fects GDP growth while the reverse relationship was statistically insignificant.

In Nigeria, Henry and Sabo (2020) [10] evaluated monetary policy management
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from 1985 to 2019 using the Autoregressive Distributed Lag (ARDL) approach.
Their results showed that the monetary policy rate and exchange rate reduced in-
flation, whereas broad money supply exerted upward pressure. Similarly, Joel et
al. (2024) [11], applying the ARDL framework, identified money supply, mone-
tary policy rate and cash reserve ratio as the key instruments influencing inflation.
Although the liquidity ratio was positively related to inflation, the effect was sta-
tistically insignificant. In South Africa, Lumengo (2017) [12] applied the Struc-
tural Vector Error Correction Model (SVECM) to evaluate the response of infla-
tion to policy shocks during the inflation-targeting regime. The study showed that
contractionary monetary policy was largely ineffective in reducing inflation but
was successful in suppressing output, raising questions about policy trade-offs.

The broader Sub-Saharan African (SSA) context was analysed by Asiamah
(2024) [13] using the system Generalised Method of Moments (GMM). Findings
indicated that contractionary monetary policy reduces inflation, while expansion-
ary policy has the opposite effect. Inflation, interest rates, potential growth and
exchange rates were found to negatively and significantly affect inflation, whereas
inflation squared, public debt and oil prices had a positive and significant influ-
ence. These results underscore the multifaceted impact of monetary policy on in-
flation dynamics in SSA.

Nguyen (2022) [14], analysing Vietnam from 1997 to 2020 using a VAR model,
found that fiscal deficits, money supply, government expenditure and interest
rates all positively influenced inflation, with government expenditure exerting the
strongest effect. Trade openness, however, had a negligible negative impact on
inflation. Ampudia ef al (2023) [15] explored the distributive effects of monetary
policy across euro area countries. Their study highlighted heterogeneous re-
sponses, noting that high-income households, due to different consumption pat-
terns experienced weaker inflationary effects from monetary policy adjustments
compared to lower-income households. Subsequently, Ezeanyeji ef al (2021) [16]
investigated the Nigerian context using Augmented Dickey-Fuller, Johansen’s
cointegration, and Error Correction Model (ECM) techniques. Their results indi-
cated that monetary policy had no significant effect on inflation control in either
the short run or the long run, raising doubts about the effectiveness of conven-
tional policy tools in Nigeria.

Generally, these studies demonstrate that the effectiveness of monetary policy
in controlling inflation varies widely across regions, instruments and socioeco-
nomic settings. While much of the existing literature has focused on single-coun-
try analyses or specific regional contexts, there remains limited comparative evi-
dence on how monetary policy rates influence inflation across different conti-
nents. This study addresses this gap by examining the global effects of monetary
policy rates on inflation using data from five continents. By employing a Random
Coefficient Linear Mixed Model within both Frequentist and Bayesian frame-
works, the study applies random slopes for monetary policy rates alongside a ran-
dom intercept. This approach enables an assessment of heterogeneity in the rela-

tionship between Monetary Policy Rate and Inflation across continents, providing
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new insights into the extent to which monetary policy effectiveness is shaped by

regional differences.

3. Research Methodology

This section describes the data used in this study and provides a detailed break-

down of the methods of data analysis and statistical inference.

3.1. Data Sources

The data used in this paper are longitudinal data of two macroeconomic variables,
the Inflation Rate defined as the annual percentage change in the Consumer Price
Index (CPI) and the Monetary Policy Rate (MPR) which represents the bench-
mark interest rate set by a country’s central bank. The study covers a 10-year pe-
riod from 2014 to 2023, to provide insights into the dynamic relationship between
these variables. The data was obtained from Statista and Focus Economic data

hubs and all variables were measured in percentages.

3.2. Exploratory Data Analysis (EDA)

This paper will begin with summary statistics after presenting the data.

Summary Statistics

Summary statistics such as the mean, standard deviation, skewness, kurtosis and
coefficient of variation (CV) were calculated to describe the data. The CV, in par-
ticular, was computed to identify which country’s inflation and monetary policy

rates are most variable and uncertain. CV is calculated [17] as:

_ Standard deviation
Mean

Ccv

*100% (1)

3.3. Method

This study applies the Linear Mixed Model (LMM) using both the Frequentist and
Bayesian frameworks to determine the global effect of monetary policy rate on
inflation. In the previous study, a Generalised Additive Mixed Model (GAMM)
was employed to explore potentially nonlinear relationships between the predic-
tors and the response variable. For the current analysis, the LMM is preferred be-
cause linearity assumption is satisfied, providing a simpler and more interpretable
framework for modelling linear relationships while accounting for continent-level
random effects. In addition, LMMs are computationally more efficient, which is
advantageous for a multi-continent panel dataset covering ten years and facilitate
clearer policy-relevant interpretations of fixed and random effects.

Preliminary diagnostic tests revealed that the residuals of the original LMM vi-
olated the normality assumption. Consequently, the square root transformation
of the inflation rate was applied to stabilize variance and approximate normality.
The transformed LMM thus used +/Inflation Rate as the dependent variable.

The model accounts for both within-continent and between-continent variations
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through the inclusion of a random intercept to capture baseline inflation differ-
ences among continents and a random slope for the MPR to allow its effect on

inflation to vary by continent.

3.4. Linear Mixed Model

The general formula of the LMM is expressed as [18]:

Yo =B * xt(il) + B, * X'L(iZ) + Py % Xt(i3) oot Py * Xt(ip) 2)

+Ug; * Zt(il) Uy * Zt(iZ) oot Uy * Zt(iq) + &

t=1,n,
i=12,---,m

where,

n, = the number of observations for subject i

m = number of subjects
Y,

ti

xW =1 vi

=the t™ observation of the i" subject

Xt(iz), Xt(is),---, Xt(ip) = the t" observation value of subject i for the corre-

sponding covariates X (2), X @) oo, X (P) associated with the fixed effects

Zt(il),Zt(iz),---,Zt(iq) = the t" observation value of subject i for the corre-
sponding covariates Z(l),Z(Z),--‘,Z(q) associated with the random effects;
gsp

BBy, B, = fixed effects

Uy, Uy, Uy = random effects specific to subject |

g; = residual associated with the t™ observation on the i" subject
Given the study data and the focus of the analysis, (2) can be simplified as:
Yo =P * Xt(il) + % Xt(iZ) F U Uy * Xl(iZ) * & (3)
p=k+Lk=1 (ie. MPR)

g=2 (random intercept and random slope)

where,
xW =1 vi
Yy = Inflation Rate
X{? = MPR

i
B, = Global intercept
p, = Fixed effect of MPR

Uy = Continent-specific random intercept

u,; = Continent-specific random slope for MPR
&; = Residual error

Assumptions:

(@) u; ~N (O' O-uz)
(b) & ~N(0,07)
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Assumptions (a) and (b) imply normality of error components.

A Q-Q plot of residuals was used to examine the normality assumption of the
LMM. If the plots align closely with the 45-degree reference line, this suggests that
the residuals are approximately normally distributed. Deviation from this line in-
dicates issues such as skewness, outliers or violation of model assumptions. In ad-
dition, the histogram of residuals was inspected. A bell shaped distribution sup-
ports the assumption of normality whereas a different pattern may indicate viola-
tion [19] [20].

(c) Independence: To assess the assumption of independence, an autocorrela-
tion function (ACF) plot of residuals was observed. The ACF plot shows the cor-
relation of residuals at different lags. The absence of significant autocorrelation is
indicated when all correlation values lie within the 95% confidence bounds. De-
viation beyond these bounds suggest temporal dependence in the residuals, in
which case model adjustments such as incorporating autoregressive correlation
structures may be necessary.

Similarly, the Ljung-Box test was applied as a formal diagnostic for autocorre-

lation particularly suited for structured data. The test statistic is defined as:

Q= “(“+2)Z::1

~2
Px
n_

" 4)

where:

Q = the test statistic

n = the sample size

h = the maximum lag being considered

0, = the sample autocorrelations at lags 1 to h

Under the null hypothesis of no autocorrelation, the Ljung-Box test statistic in
(4) follows a chi-squared distribution with h—q degrees of freedom, where h
is the number of lags being considered in the testand ( is the number of param-
eters [21].

Decision rule:

If the test statistic has p < 0.05 level of significance, then the null hypothesis of
no autocorrelation is rejected and if the test statistic has p > 0.05, then we do not
reject the null hypothesis.

(d) Level 1 exogeneity, i.e, E(e;|X;)=0 and Level 2 exogeneity, i.e.

E(u; | X;)=0. With the assumption of normality of e and u,coupled with the
above exogeneity conditions, e and u are independent [22].

(e) Linearity: Condition (d) implies that Y is a linear function of the predic-
tors, which is referred to as the mean structure [22]. The residual plot was used to
assess linearity in the LMM. To evaluate the linearity assumption, a residual plot
from the LMM displaying the observed values of the response variable against the
predicted values was inspected. If the residual plot shows a random scatter around
zero without a clear pattern, the linearity assumption is satisfied. In contrast, a

systematic pattern such as curvature indicate violation of this assumption [19].
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(f) Homoscedasticity: Homoscedasticity was assessed using the residuals ver-
sus fitted values plot. A consistent uniform spread of residuals across all fitted
values supports the assumption of homoscedasticity, whereas systematic patterns
or widening/narrowing spreads indicate heteroscedasticity [19]. To further vali-

date this assessment, Levene’s test was applied. The test statistic is given by:

woN-9_ Z?:lnj (71. _Z..)2

g-1 9 NN = \? %)
j:lZi:l(Zij - Zj.)
where:
N = the total sample size
g = the number of groups
n; = the sample size of the group
Z, =the mean of the absolute deviations from the group mean for group j.

Z = the overall mean of the absolute deviations.

z; =the i observation in the group |

Under the null hypothesis of constant variance (homoscedasticity), the Levene’s
test statistic in (5) follows an F-distribution with g—1 and N —g degrees of
freedom, where ¢ is the number of groups being compared and N is the total
number of observations across all groups.

Decision rule:

If the test statistic has p < 0.05, then the null hypothesis of homoscedasticity is
rejected and if the test statistic has p > 0.05, then we do not reject the null hypoth-

esis of homoscedasticity [21].

3.4.1. Test for Outliers and Influential Observations
The presence of outliers and influential observations was detected using the
Cook’s distance, defined as [23]:

o el A R U D 6
' px MSE ©
and MSE is given by:
n ~\2
Y=Y,
MSE = 20 Y) 7)
n
where:

YAJ.(i) = the predicted response value for observation j with observation i

omitted.

YAJ- = the predicted response value of observation | with all observations in-
cluded.

p = the number of fixed effects in the model

MSE = the Mean Square Error of the model

n = total number of observations

Decision Rule:
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4
e If D, >— = observation is considered to be influential
n

4
e If D, <— = observation is not considered to be influential
n

3.4.2. Sensitivity Analysis

After identifying influential observations, a robustness check was performed by
re-estimating the model after excluding these observations. The results from the
reduced dataset were then compared with those from the full sample. This com-
parison allowed the assessment of how the inclusion or exclusion of influential
observations affected the model’s fixed and random effect estimates, standard er-
rors, and overall inference. Minimal changes in the estimates indicate that the
model results are robust, while substantial changes suggest sensitivity to influen-

tial observations [24].

3.5. Estimation of Model Parameters

3.5.1. Frequentist Approach
The LMM extends the standard linear regression model by incorporating both
fixed and random effects [18].

For this study, the response variable (Inflation Rate) was square root-trans-
formed to correct for normality violation. The marginal distribution is therefore

expressed as:

\/YT = * Xt(il) + B, * Xt(iZ) +Up +Uy; * XI(iZ) + & (8)

With mean and variance,
(W)= B+ A% ©)
var (x/YT. ) =var, +2X{coy, , + ( X )2 var, +var, (10)

The estimation of parameters is conducted using Restricted Maximum Likeli-
hood (REML) Estimation method which produces unbiased estimates of covari-
ance parameters by taking into account the loss of degrees of freedom that results
from estimating the fixed effects [18].

The Generalised Least Squares (GLS) estimator of /S is given by:

j- Zimzlzr;izlwij XYy

S (11)
Zi:lzjl:la)lj Xt?

where, @ = var(\/ﬂ)
Var([}):(ZLZ?iﬂw‘jX; )71 (12)

For this study, the random effects and residual variance are defined as:
2
var (Uy ) =74, Var(Uy ) =17, COV(Uy,Uy) =1y, Var(e)=o

Thus (21) is written as:
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r( )= +2X5 X0f 5 -

And,

cov(y¥y .y ) = 0 + 2X P05, + (X)) (19)

Substituting the estimated variance components 7y,7,,,7,, and &° in (10)

yields the final GLS estimates of 3, and 3, .

3.5.2. Bayesian Approach

The Bayesian regression approach provides alternative framework by estimating
the unknown model parameters through their posterior distributions rather than
point estimates. The goal is to obtain the posterior distribution of the parameter’s

conditional on the observed data through Bayes’ theorem:

_ P(datalg)*P(0)
P(6]data) = [P(data|6)*P(6)do 1)

where:
P(0|data) = the posterior distribution of & given data;

P(8) = the prior distribution of &;
P(data|6) = the likelihood function [25].

In this study, the Bayesian LMM is expressed as (8), with the random compo-
nents u and g distributed as:

Ugi Uy ~ N(O,of),,sti ~ N(O,of)

The objective of the Bayesian techniques is to use Gibbs Sampling to estimate
the posterior distribution of S, f,, Uy, U;, o’ and o?. The joint distri-

bution of the observed data and the parameters is defined as:
H(Youl B Brotiol )= 1 (VY | BuBrual) f(ule?)  (16)

Assuming normality, the conditional distribution of the response variable is
given by:
\/)Tu | By By Ui Uy 07 ~ N |:ﬂ1 +ﬂ2X1(i2) +Uy; +ulixt(iZ)'o-sz:|
gives rise to the full likelihood function from which posterior samples of the
parameters can be obtained [26].

In the Bayesian treatment of (8), prior distributions will be assigned to all model

parameters as follows:

B~ N, (0,100)
o’ ~ Inverse-Gamma (3,1)
75 ~ Wishart(4,1)

These priors are weakly informative to ensure the posterior estimates are pri-

marily data-driven while maintaining numerical stability and reproducibility.
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Based on the specified model and priors, the Gibbs sampler cycles through the

following full conditionals:

O'f|\/y>uvﬁ1:ﬁzvuowu1i’of~IG{% (\/VT. B— B X " ~Uoi —Uy X )} (17)

O'u2 |\/3Tti’ﬂliﬂznuowunv%2 - IG(%q%ZUZJ (18)
St -B-BXP) (1 1)
ulﬂ,ﬁpﬁz,af,afw ( - +J° ) [?+?] (19)

1
where 7, = Xt(iz)

B 1Yi-u07,00 ~N

SXEye o o0
S(xP) 2(xY

The inverse gamma distribution is defined by the density function:

f(az):

a —b/az
b’e 21)

r (a) (0'2 )a+1

The Gibbs sampler will be implemented in R using custom code. The sam-
pling was conducted with 3 parallel chains each consisting of 100,000 iterations
and a burn-in period of 10,000. Initial values for £ and u, were drawn from
their respective priors. Posterior summaries, convergence diagnostics and Poste-
rior Predictive Checks were subsequently performed based on the retained sam-

ples.

3.6. Test of Hypotheses

The linear mixed regression model involves two fixed effects and one random ef-
fect variables. Hence our hypotheses are given by;

H, : B =0 (There is no statistically significant relationship between the fixed
effect (monetary policy rate) and the response variable (inflation rate)).

H,: B #0 (There is statistically significant relationship between the fixed ef-
fect and the response variable).

H, :u; =0 (Thereis no correlation among observations within or between the
continents).

H,:u; #0 (There is correlation among observations within or between the

continents).

h>

Test Statistic: T = ———
SE( B )

Given a Linear Mixed Model (LMM), the null distribution of the t-statistic in

(22) does not follow an exact t distribution. Therefore, the number of degrees of

(22)
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freedom for the null distribution of the test statistic is not equal to N— p. Instead,
an approximate method is applied to estimate the degrees of freedom. The Sat-
terthwaite approximation is applied in this study and the formula is expressed as
follows;

Given an estimate of a parameter £ with its standard error SE ( B ) , the de-

grees of freedom for the t-statistic is [27]:

df = ) (23)

Z Varr(]i,@)

where:

Var ( /Ai’) = the estimated variance of B .

n, = the number of observations associated with each variance component £, .

th

Var ( ,3, ) = the variance of the i component of the variance.

Decision rule:

e Donotreject H, atthe a=0.05 level of significance if t, >t .

cal

e  When the p value < 0.05 level of significance, reject H,.

3.7. Test for Heterogeneity

The Intraclass Correlation Coefficient (ICC) will be used to quantify the propor-
tion of total variance in the response variable that is attributable to the differences
between groups which is one of the objectives of this work. It also measures the
correlation or similarity among observations within the same group relative to the
total variability across all groups.

The formula for ICC is defined as;

2

oy
rol
IcC=— Joow (24)
O_group + Oerror
where:
2 . . . . .
Ogrop = €stimated variance component associated with the random grouping

effect in the model.

2 . . . . o1
Ouror = residual variance component which represents the variability of the

observations around the fitted values.
Decision rule:
e ICC<0.3 suggests little similarity within groups.
e 0.3<ICC<0.5 suggests moderate similarity within groups.
e ICC>0.5 suggests strong similarity within groups [28].

3.8. Model Fit and Predictive Performance

3.8.1. Coefficient of Determination

In the context of linear mixed regression models, R” is used to measure the pro-
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portion of variance explained by the fixed effects in the model considering the
hierarchical structure and potential correlations among observations within clus-
ters or groups. It ranges from 0 to 1. It shows how good the regression model is in
predicting the dependent variable (inflation rate) using the independent variable
(monetary policy rate).

The coefficient of determination can be defined in terms of the Marginal R?

and Conditional R? as follows;

=

R, el =

Var (
marginal Var

xA)
Var (] (25)

~—"

where:

Var ( X ﬁ) = variance of the fitted values based on fixed effects X ,é .
Var(Y) = total variance of the response variable Y .
Var(Y - X 3 -2Zb
RZ 1 ( )

conditional — + var (Y) (26)

where:

Zb = random effects
Var (Y -X ,é - ZB) = residual variance after accounting for both fixed and ran-

dom effects.

Var (Y) = total variance of the response variable Y .

Decision rule:
e R?<0.3 suggests weak influence.
e 0.3<R?<05 suggests moderate influence.

e R?>05 suggests strong influence [29].

3.8.2. Posterior Predictive Checks
In the Bayesian framework, the Posterior Predictive Checks were employed to ex-
amine the model fit to the study data through the Posterior Predictive Check p-

value and the plot of observed and simulated data.

3.8.3. Test for Convergence

The test of convergence was employed to evaluate whether or not an iterative al-
gorithm used in the analysis has converged to a stable solution. The methods em-
ployed to check convergence are as follows:

1) The Effective Sample Size was used to measure the amount of independent
samples the correlated Markov Chain Monte Carlo (MCMC) effectively repre-
sents. A higher ESS indicates better sampling efficiency and more reliable esti-
mates, additionally, the rule of thumb is as follows;

e ESS>100 for each parameter is generally considered adequate.
e ESS<100 suggests the need for longer runs or better tuning.
e ESS<10 indicates serious autocorrelation and unreliable inference [30].

2) The Gelman-Rubin diagnostic was employed to evaluate whether the chains
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are well-mixed and exploring the same posterior distribution. The rule of thumb
states that convergence is typically assumed when R<1.1 [31].
3) The trace plot was further applied to reinforce the convergence of the Gibbs
sampling iteration;
Decision rule:
e If the chains mix well and stabilize around a common value, we conclude that
the analysis has converged to a stable solution.
e If the chains do not stabilize around a common value which suggests that the
chains did not mix well, we conclude that the analysis did not converge to a
stable solution [30].

3.8.4. K-Fold Cross Validation

The K-fold Root Mean Square Error (RMSE) was implemented, which is a perfor-
mance metric used to evaluate the predictive accuracy of a model using K-fold
cross-validation. It combines the concepts of cross-validation, where the data is
splitinto K subsets and RMSE, which quantifies the average magnitude of pre-

diction errors. It is defined as:

1 (k) \2
RMSE, 4 =\/ﬁzf_lzidk(yi _ k)) (27)

where,
K = number of folds
T, =indices of the test set in fold k

y, = observed response for observation i,i.e. Yy, = (\/y_n )

9i(_k) = predicted response for observation i, using the model trained on all

data excluding fold k
N = total number of observations across all folds [32]

A smaller value of the RMSE indicates a better model.

All analyses will be carried out using R software.
4. Data Presentation, Results and Discussion
This section presents and discusses the results obtained from the analysis of the
dataset used for this study, in line with the research objectives and methodology.
4.1. Data Presentation

Table 1 presents the dataset which comprises of the Inflation Rate (IR) and Mon-
etary Policy Rate (MPR) across five continents from 2014 to 2023.

Table 1. Dataset from five continents on inflation rate (IR) and monetary policy rate (MPR) for the period 2014-2023.

Africa Asia Europe North America South America
Year
MPR IR MPR IR MPR IR MPR IR MPR IR
2014 9.25 7.33 7.72 5.38 2.93 3.04 2.50 3.95 11.53 12.98
2015 9.84 7.85 5.73 6.35 4.53 9.82 2.38 1.90 14.13 11.25
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2016 11.26 10.12 5.55 4.20 2.85 3.24 3.00 1.98 12.38 15.30
2017 10.89 11.72 4.99 4.23 3.00 4.18 3.25 3.53 10.75 5.70
2018 10.05 7.67 8.99 5.58 3.75 3.66 3.56 3.33 18.19 10.90
2019 9.00 5.95 5.58 5.78 2.85 2.56 2.81 2.80 16.38 15.83
2020 7.04 5.50 6.25 4.55 1.22 0.90 1.31 2.75 10.56 12.68
2021 7.08 7.47 6.55 6.75 1.85 3.70 2.13 4.93 13.56 16.18
2022 12.04 14.65 5.01 22.65 7.20 9.90 6.56 8.25 28.00 25.88
2023 13.71 20.55 15.46 15.80 6.75 7.42 7.19 5.00 33.25 39.35

Source: Statista and Focus Economics data hub.

4.1.1. Summary Statistics
To improve normality and stabilize variance, the inflation rate was square root
transformed prior to modelling. However, descriptive statistics were computed

using the original (untransformed) data.

Table 2. Summary statistics for monetary policy rate.

Description Africa Asia Europe North America South America
Mean 10.02 7.18 3.69 3.47 16.87
Standard Error 0.66 1.00 0.62 0.60 2.45
Median 9.95 5.99 2.97 291 13.84
Mode 2.85
Standard Deviation 2.09 3.17 1.95 1.91 7.74
Sample Variance 4.35 10.03 3.82 3.63 59.85
Kurtosis -0.19 6.02 0.0014 0.79 1.25
Skewness 0.12 2.36 0.91 1.32 1.50
Range 6.67 10.48 5.98 5.88 22.69
Minimum 7.04 4.99 1.22 1.31 10.56
Maximum 13.71 15.46 7.2 7.19 33.25
Sum 100.17 71.82 36.93 34.69 168.72
Count 10 10 10 10 10
Coefficient of Variation (%) 20.86 44.15 52.85 55.04 45.88

The result of the coefficient of variation in Table 2 reveals that North America’s
monetary policy rate with CV = 55.04% is the most variable and uncertain while
Africa has the most stable monetary policy rate with CV = 20.86%.

Table 3. Summary statistics for inflation rate.

Description Africa Asia Europe North America South America
Mean 9.88 8.13 4.84 3.84 16.60
Standard Error 1.48 1.94 0.98 0.59 3.01
Median 7.76 5.68 3.68 3.43 14.14

DOI: 10.4236/0js.2025.156027 527 Open Journal of Statistics


https://doi.org/10.4236/ojs.2025.156027

C. Okoronkwo et al.

Continued

Standard Deviation
Sample Variance
Kurtosis
Skewness
Range
Minimum
Maximum
Sum
Count

Coefficient of Variation (%)

4.67
21.78
2.20

1.55
15.05
5.50
20.55
98.80

10

47.27

6.13
37.55
3.21
1.99
18.45
4.20
22.65
81.25
10
75.40

3.10
9.63
-0.57
0.85
9.00
0.90
9.90
48.42
10
64.05

1.88
3.54
2.81
1.51
6.35
1.90
8.25
38.40
10
48.96

9.51
90.50
3.43
1.75
33.65
5.70
39.35
166.03
10
57.29

The result of the coefficient of variation in Table 3 suggests that Asia’s inflation
rate with CV = 75.40% is the most variable and uncertain while Africa has the

most stable inflation rate with CV = 47.27%. The skewness and kurtosis values

confirm that the response variable is non-normal which warrants further diagnos-

tic evaluation.

4.1.2. Test of Outliers and Influential Observations

Using the conventional threshold of 4/n, where n =50, the maximum Cook’s
Distance = 0.778596 observed in Table 4 exceeds this cut-off. This suggests the
presence of influential observations that may exert undue leverage on the model

estimates. Most values, however, remain near zero.

Table 4. Summary of Cook’s distance values.

Min 1st Quarter Median Mean 3rd Quarter Max.
0.000025 0.001576 0.007322 0.048797 0.014719 0.778596
Cook's Distance for Transformed Model
©
o

Cook's Distance

0.2 0.4 0.8

0.0

27

Threshold = 0.08

Figure 1. Cook’s distance plot.

Observation

Figure 1 presents the Cook’s Distance plot for the LMM. The red dashed refer-

ence line corresponds to the cut-off of 0.08. As shown, points 10, 19 and 27 surpass
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this line, with the maximum Cook’s Distance value reaching approximately

0.778596 as indicated in Table 4, which indicates potential influence.

4.1.3. Sensitivity Analysis

To assess robustness, sensitivity analysis was conducted by removing influential
observations. As shown in Table 5, the intercept slightly decreased from 1.5255 to
1.5119 and the slope for Monetary Policy Rate reduced marginally from 0.1535 to
0.1449. These small shifts suggest that the influential points do not drastically alter
the model’s conclusions. Hence, while some influence exists, the model’s estimates

remain robust and stable.

Table 5. Sensitivity analysis using Cook’s distance.

Model Intercept Monetary Policy Rate
Original 1.525548 0.153518
After removing influential 1.511922 0.144861

4.2. Data Analysis: Frequentist Approach

4.2.1. Tests of Hypotheses

The results in Table 6 indicate that MPR has a positive and statistically significant
impact on square root of Inflation Rate. A unit increase in MPR corresponds to
an approximate 0.1535 units increase in the square root of Inflation Rate, holding

other factors constant.

Table 6. Fixed effects.

Estimate  Std.Error df t value Pr (>[t))
(Intercept) 1.52555 0.16441 2.54607 9.279 0.00499
Monetary Policy Rate  0.15352 0.01927 1.88155 7.966 0.01831

The random intercept value in Table 7 indicates that the average inflation rate
varies moderately across continents. Similarly, the effect of Monetary Policy Rate
(MPR) on inflation varies slightly across continents with a random slope value of
0.000622. Although the relationship between MPR and inflation is generally con-
sistent, the small value suggests that there are minor differences in how strongly

MPR affects inflation in different continents.

Table 7. Random effects.

Groups Name Variance Std.Dev.

Continent (Intercept) 0.0383031 0.19571
Monetary Policy Rate 0.0006222 0.02494

Residual 0.2893678 0.53793

4.2.2. Tests of Assumptions
i) Linearity
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Residuals

Frequency

As observed in Figure 2, linearity was assessed by examining the residual versus
fitted plot. The plot reveals a random scatter around zero with no clear pattern,
suggesting that the linearity assumption is satisfied.

ii) Normality

As observed in the residual diagnostic plots in Figure 2, the histogram of resid-
uals and QQ plot suggests that residuals are approximately normally distributed,
though mild skewness and deviations at the tails were observed. Given the indica-
tion of minor deviations from normality at the tails, no further transformation of
the dependent variable was deemed necessary since the LMMs are generally ro-
bust to such deviations.

iii) Homoscedasticity

The residuals versus fitted plot in Figure 2 indicates no strong evidence of het-
eroscedasticity, with residuals largely centered around zero across the range of
fitted values. This is reinforced by the result of the Levene’s Test shown in Table

8 at p=0.8164 > 0.05 which indicates constant variance across continents.

Table 8. Levene’s test for homoscedasticity.

Df F value Pr (>F)
Group 4 0.3876 0.8164
45
Linearity Check: Fitted vs Residuals Homoscedasticity Check
- = )
2 4 g w»
m @ o O g - o
_1 _ g T AL o o
R T ki—— e
2 3 4 5 6 2 3 4 5 6
Fitted values Fitted values
Histogram of Residuals Q-Q Plot of Residuals
(0]
L]
= -
o [F'e]
3 -
2 4 .  porcnna 22—
- ﬂ — — a o
S T T T T | £ < S T T T
[
-10 -05 00 05 10 15 20 25 @ -2 -1 0 1 2
Residuals Theoretical Quantiles

Figure 2. Model diagnostics plot.

iv) Test for independence (autocorrelation)

The Autocorrelation Function (ACF) plot observed in Figure 3 confirms ab-
sence of significant autocorrelation which supports independence of residuals.
This compliments the Ljung-Box test shown in Table 9, revealing no significant

autocorrelation in the residuals.
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Autocorrelation of Residuals (ACF Plot)

1.0

0.6
|

ACF

0.2
|

-0.2

Figure 3. Autocorrelation function plot.

Table 9. Ljung-box test.

X df p-value
15.09 10 0.1288

4.2.3. Tests for Heterogeneity
A conditional Intraclass Correlation Coefficient (ICC) in Table 10 indicates neg-

ligible between-continent variation.

Table 10. Intraclass correlation coefficient.

Conditional ICC 0.000344

To reinforce the result of the conditional ICC, the heterogeneity across conti-
nents was checked using the caterpillar plot in Figure 4. The random effects plot
shows that both the continent-specific intercepts and the slopes for the Monetary
Policy Rate are centered close to zero across all continents. These results indicate
slight heterogeneity in the model suggesting that the relationship between mone-

tary policy rate and inflation is largely consistent across continents.

Random effects

Continent (Intercept) MonetaryPolicyRate
South America- eSO °
North America - ——— T <>
Europe - =—0—— <>
Asia- —re——— L J
Africa- ——— g
) ! \ ! ' ! \ \ ! !
-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1

Figure 4. Random effects plot.
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4.2.4. Model Fit and Predictive Performance
The results in Table 11 imply that 75% of the variance is explained by fixed effects
alone and 77% is explained by both the fixed and random effects.

Table 11. Coefficient of determination.

Marginal & Conditional R
0.749983 0.769467

4.3. Data Analysis: Bayesian Approach

As said in Section 3, the R software was used to perform an MCMC analysis of
100,000 trials with a 10,000 burn-in period and the number of chains of 3. This
means that the first 10,000 iterations are discarded to allow the Markov chain to

reach a stable distribution before collecting samples.

4.3.1. Parameter Estimates
As shown in Table 12, the posterior mean of MPR is positive, however, its 95%

credible interval includes zero which suggests statistical uncertainty.

Table 12. Posterior mean of beta (fixed effects).

Mean X2.5 X97.5
Intercept 1.406 0.6788 2.111
Monetary Policy Rate 0.168 —0.2566 0.5924

The random intercept estimate in Table 13 suggests substantial variation in
baseline inflation levels among continents and the credible interval does not in-
clude zero, which indicates that the variability is statistically meaningful in the
Bayesian sense. Similarly, the random slope estimates of 0.2095 indicates moder-
ate variability in how MPR influences inflation from one continent to another and
the credible interval which excludes zero means that the differences across conti-

nents in the relationship between MPR and inflation are credible.

Table 13. Random effects.

Groups Name Estimate 0.025 0.975
Continent Too 0.3749 0.09171 1.245
[ 0.2095 0.06425 0.6287

o’ 0.356 0.2334 0.5402

4.3.2. Effective Sample Size
The high Effective Sample Sizes (ESS) in Table 14 indicate efficient mixing and

stable posterior estimates.

Table 14. Effective sample size.

(Intercept) Monetary Policy Rate o Too T
20520.56 245.20 190975.87 83791.87 11208.49
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Table 15 shows the Gelman-Rubin diagnostics results which confirms full con-

vergence across chains, given that R~10.

Table 15. Gelman-Rubin diagnostics.

Potential Scale Reduction Factor:

Fixed Effects Random Effects Residual Variance
Point est. Upper C.I. Point est. Upper C.I. Point est. Upper C.I.
[1,] 1.00 1.00 1.00 1.00 1.00 1.00
[2,] 1.02 1.03 1.01 1.01
(3.] 1.05 1.07

Figure 5 presents the trace plot for all chains to further validate the convergence
test results. As observed all chains mix well with the coloured lines overlapping
densely without visible trends or drifts. The chains appear to have stationary be-
haviour with no persistent trends or divergences across iterations. Notably, for
variance parameters the occasional spikes are normal but are not sustained, this
does not indicate poor convergence. Random effect variances converged though

with mild variability which is common in hierarchical models [32].

Trace Plots for All Chains
beta0 beta1

0 25000 50000 75000 100000

tau11
25
20
15 |
10 : |
g: Loyl Lu.AJA M&L e Lisy J“..uu 1
0 25000 50000 75000 100000

Iteration

Figure 5. Trace plot.

4.3.3. Test for Heterogeneity
The posterior ICC shown in Table 16 indicates that most of the variance in infla-

tion is explained by between-continent variability.
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Table 16. Intraclass correlation coefficient (ICC).

Posterior Mean (Conditional ICC) X2.5 X97.5
0.9661 0.9195 0.9923

4.3.4. Model Fit and Predictive Performance
The results in Table 17 indicate that the Bayesian model explains 64% of variance
through fixed effects and 80% of variance is explained when random effects are

included.

Table 17. Coefficient of determination.

Marginal R Conditional R
0.6406 0.8021

The posterior predictive p-value in Table 18 indicates excellent model fit.

Table 18. Posterior predictive checks.

Mean p-value

2.7501 0.6145

As shown in Figure 6, the close clustering of points around the 45° diagonal
confirms accurate predictions though mild underestimation of extreme inflation

values is observed.

Posterior Predictive Check: Observed vs Predicted Mean
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Figure 6. Posterior predictive checks plot.

4.4. Model Comparison

Table 19 compares the performance of the Frequentist and Bayesian LMM ap-
plied to evaluate the effect of MPR on the inflation rate across continents. Both
approaches produced comparable fixed-effect estimates, with the intercept and
MPR coefficients exhibiting similar magnitudes and positive direction. This indi-
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cates that higher MPR values are generally associated with an increase in inflation.
Notable differences were observed in the estimated random effects. The Bayesian
model yielded higher random intercept and random slope variances, which indi-
cates that it captures greater heterogeneity in baseline inflation levels and the var-
ying effects of MPR across continents.

A particularly striking contrast between the two frameworks emerges in the es-
timation of between-continent heterogeneity. The Frequentist model produced an
extremely small conditional ICC which suggests negligible variation across conti-
nents, whereas the Bayesian analysis produced a posterior ICC that reveals sub-
stantial between-continent variability. This clear contradiction stems from funda-
mental differences in how both frameworks estimate variance components. The
Frequentist LMM relies entirely on the observed data and with only five continent
groups and relatively large within-continent variance, the REML estimator tends
to shrink the group-level variance toward zero, a well-known issue in small-sam-
ple hierarchical models [33]. Conversely, the Bayesian approach incorporates
prior distributions which, even when weakly informative, stabilise variance esti-
mation and prevent near-zero solutions. Consequently, the Bayesian posterior at-
tributes a greater share of the total variance to between-continent differences after
integrating over the full uncertainty space. These opposing ICC values therefore
reflect methodological differences rather than inconsistencies in model specifica-
tion and highlight the sensitivity of heterogeneity detection to the estimation
method applied.

Another important observation from the analysis is the positive relationship
between the MPR and inflation, which may seem counterintuitive given the typi-
cal objective of raising the MPR to reduce inflation. This pattern is more plausibly
interpreted as a reactive policy response rather than a causal effect. Particularly in
emerging economies, central banks increase interest rates in response to already
elevated inflation rather than proactively suppressing it. As a result, the positive
relationship observed in both the Frequentist and Bayesian LMM likely reflects a
policy reaction function, where inflationary pressures trigger rate hikes. In addi-
tion, structural factors such as supply shocks, exchange rate volatility and fiscal
imbalances can weaken the immediate effect of monetary tightening which allows
inflation to remain high despite higher MPR. Therefore, the positive coefficient
does not indicate that increasing the MPR causes higher inflation; rather, it cap-
tures the macro-policy environment where policy rates are adjusted in response
to prevailing inflationary conditions.

The contrast in ICC estimates, together with the positive relationship between
MPR and inflation, highlights the interaction of within-continent variability and
macro-policy dynamics. While the Frequentist model attributes most variation to
within-continent fluctuations, the Bayesian framework recognizes substantial be-
tween-continent heterogeneity which reveals how different continents respond to
monetary policy under diverse economic structures and inflationary pressures.
Jointly, the ICC results and the counterintuitive MPR coefficient illustrate that

observed inflation patterns are shaped not only by inherent heterogeneity across

DOI: 10.4236/0js.2025.156027

535 Open Journal of Statistics


https://doi.org/10.4236/ojs.2025.156027

C. Okoronkwo et al.

continents but also by the timing and responsiveness of monetary policy interven-
tions.

In terms of model fit and predictive performance, the Frequentist model ex-
plained a larger proportion of variance due to fixed effects alone while the Bayes-
ian model achieved a higher overall explanatory power when both fixed and ran-
dom effects were considered. In addition, the Bayesian model demonstrated su-
perior predictive accuracy, as indicated by a lower 5-fold cross-validated RMSE.
These findings suggest that although the Frequentist model fits the fixed effects
well, the Bayesian model provides a more comprehensive representation of data
variability and better generalization to new data. In general, the Bayesian LMM is
considered superior, as it offers enhanced flexibility in modelling hierarchical
structures, richer uncertainty quantification and enhanced predictive perfor-

mance.

Table 19. Comparative summary of the frequentist and Bayesian LMM.

Parameters Category Frequentist Bayesian
Fixed Effects (Intercept) 1.52555 1.406
Monetary Policy Rate 0.15352 0.168
Random Intercept 0.038303 0.3749
Random Effects Random Slope 0.000622 0.2095
Residual Variance 0.289368 0.356
Heterogeneity Conditional ICC 0.000344 0.9661
Marginal R 0.74998 0.6406
Model Fit and Predictive Performance Conditional R 0.76947 0.8021
5-fold Mean RMSE 0.539 0.5144

5. Conclusion, Limitation and Recommendation
5.1. Conclusion

This study assessed the relationship between the MPR and the inflation rate across
five continents from 2014 to 2023 using both Frequentist and Bayesian Linear
Mixed Models (LMM). The data were obtained from Statista and Focus Econom-
ics. To improve normality and stabilise variance, the inflation rate was square-
root transformed prior to modelling, while descriptive statistics were computed
using the untransformed data. The Frequentist model revealed a positive and sta-
tistically significant relationship between the MPR and the square root of the in-
flation rate. This implies that an increase in MPR is associated with a correspond-
ing rise in the square root of inflation which indicates that monetary tightening
may not immediately curb inflation uniformly across regions. The low conditional
Intraclass Correlation Coefficient from the Frequentist model further reveals min-
imal between-continent heterogeneity in the relationship between MPR and in-
flation. Under the Bayesian LMM, the posterior mean of the MPR effect is posi-
tive, however, its 95% credible interval includes zero which suggests some poste-

rior uncertainty about the precise magnitude of the effect. This contrasts with the
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findings of the previous study [8], which reported a positive and credible effect of
MPR on inflation. The divergence in the results may be attributed to methodolog-
ical differences between the two studies. While the earlier study excluded influen-
tial observations and applied the GAMM approach to correct for non-linearity,
the present study retained all observations and applied a square-root transfor-
mation to improve normality and stabilize variance. By regularizing assumption
violations through transformation rather than data exclusion, this study produced
more robust and reliable inferences, offering a more comprehensive reflection of
the intrinsic economic relationship. The Bayesian model also yielded larger pos-
terior variances for continent-level random effects which reflects richer uncer-
tainty quantification inherent in Bayesian hierarchical modelling. The Posterior
Predictive Checks, convergence diagnostics and Cross-Validation support overall
model adequacy. While monetary policy generally affects inflation positively, the
strength of this impact varies across continents, being stronger in Asia and North
America, and negligible in Africa, Europe and South America. These differences
indicate structural and economic factors such as the depth and efficiency of the
financial markets, the central bank credibility, the exchange rate regimes and the
composition of national economies which influence the transmission of MPR. A
comparison of model performance showed that both approaches produced simi-
lar fixed-effect estimates, but the Bayesian model captured greater heterogeneity
across continents and demonstrated superior predictive performance. Summarily,
the Bayesian LMM emerged as the better-performing model, offering enhanced
flexibility, more comprehensive uncertainty representation and improved gener-
alization. The findings generally indicate a broadly positive relationship between
MPR and inflation, though the strength and certainty of this relationship differ
depending on the inferential framework employed.

5.2. Limitations of the Study

Despite its comprehensive analytical framework, this study is not without limita-
tions:

1) The study relied on secondary macroeconomic data from Statista and Focus
Economics data hubs which may introduce measurement errors, reporting lags
and definitional inconsistencies across continents.

2) The study utilized aggregated continental averages, which may obscure
within-continent heterogeneity among individual countries.

3) Although weakly informative priors were employed in the Bayesian analysis,
different prior specifications could yield slightly different posterior inferences.

4) The 10-year study period captures short to medium-term dynamics. Struc-

tural breaks or longer-term shifts outside this period are not addressed.

5.3. Recommendations

Based on the findings and limitations, the following recommendations are pro-
posed for policymakers and future research:

1) Policymakers should exercise caution when using monetary tightening as an

DOI: 10.4236/0js.2025.156027

537 Open Journal of Statistics


https://doi.org/10.4236/ojs.2025.156027

C. Okoronkwo et al.

immediate tool for inflation control, as results suggest that increases in MPR do
not uniformly reduce inflation across regions. Coordinated fiscal and structural
reforms should complement monetary measures to enhance transmission effec-
tiveness and price stability.

2) Given the heterogeneity observed across continents, regional monetary au-
thorities should tailor policy frameworks to local economic conditions consider-
ing factors such as financial market depth, policy credibility and economic struc-
ture rather than adopting a uniform global approach.

3) Enhanced transparency and harmonization in macroeconomic reporting are
encouraged to improve cross-country comparability and model reliability.

4) Future studies should analyze country-level panel data to capture within-
continent heterogeneity and identify nation-specific transmission channels of
monetary policy

5) In Bayesian implementations, future research should incorporate systematic
prior sensitivity analyses to evaluate how alternative priors influence posterior es-
timates in order to increase transparency and robustness.

6) Given observed uncertainty in the magnitude of effects across frameworks,
policymakers should combine macroprudential tools with timely data monitoring

to refine monetary responses and improve policy calibration.
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