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Forecasting the Consumer Price Index with Holt-Winters: A
Comparative Study of Ordinary Least Squares and Maximum
Likelihood Estimation

Esra Rombeallo1,∗, Marvin Jecson Pandu1

1Department of Dryland Agricultural Management, Politeknik Pertanian Negeri Kupang, Kupang 85011, Indonesia

ABSTRACT. The Consumer Price Index (CPI) is a crucial macroeconomic indicator reflecting regional
inflationary pressures. This study aims to compare the performance of Ordinary Least Squares (OLS)
and Maximum Likelihood Estimation (MLE) methods in estimating Holt-Winters model parameters for
forecasting the CPI of East Nusa Tenggara (NTT) Province. Using monthly data from January 2021 to
December 2025, the research evaluates two primary approaches: conventional OLS based Holt-Winters
models and the MLE based Error, Trend, and Seasonal (ETS) framework. Model performance was assessed
using the Mean Absolute Percentage Error (MAPE). The results demonstrate that the MLE based approach
significantly outperforms OLS; the multiplicative ETS model achieved the lowest MAPE of 0.57%, proving
far more accurate than the OLS based Holt-Winters models, which yielded error rates exceeding 50%. A 12-
month forecast for 2026 projects NTT CPI to increase moderately from 107.38 to approximately 109.54,
indicating controlled inflationary pressure. This study affirms the superiority of the MLE approach in
generating precise parameters for economic data exhibiting seasonal patterns.

This article is an open access article distributed under the terms and conditions of the Creative
Commons Attribution-NonComercial 4.0 International License. Editorial of EULER: Depart-
ment of Mathematics, Universitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone
Bolango 96554, Indonesia.

1. Introduction
Price stability is one of the primary foundations of national macroeconomic policy. In the

Indonesian context, the Consumer Price Index (CPI) serves as the most representative instru-
ment for measuring inflation, as it reflects average price changes in the goods and services
consumed by households during a given period. Statistics Indonesia (Badan Pusat Statistik,
BPS) consistently publishes monthly CPI data as a reference for policymakers at both cen-
tral and regional levels in designing fiscal, monetary, and distribution strategies. East Nusa
Tenggara Province (NTT) possesses unique economic characteristics compared with other In-
donesian provinces. As an archipelagic region with high dependence on inter-island supply
chains, price fluctuations in NTT are driven by structural factors such as transportation costs,
logistical infrastructure constraints, and highly seasonal agricultural production patterns [1].
These conditions make CPI forecasting in NTT both a methodological challenge and an urgent
policy need.

Time series forecasting has evolved rapidly as a trusted quantitative tool in economics
and applied statistics. Among the available methods, the Holt-Winters model also known as
Triple Exponential Smoothing stands out for its ability to simultaneously capture trend and
seasonal components within data [2]. The model has two principal variants: the additive
model, which assumes a constant seasonal amplitude, and the multiplicative model, which
assumes seasonal amplitude proportional to the level of the time series.
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A critical aspect of implementing the Holt-Winters model is the estimation of the smooth-
ing parameters α (level), β (trend), and γ (seasonality). Two principal approaches are com-
monly employed: Ordinary Least Squares (OLS), which minimises the sum of squared er-
rors, and Maximum Likelihood Estimation (MLE), which maximises the log-likelihood func-
tion based on a probabilistic distribution of the residuals [3, 4]. The choice of estimation
method has significant implications for forecast quality; however, empirical comparisons be-
tween these two approaches in the context of CPI data from archipelagic regions remain rel-
atively limited in the literature [5, 6].

Several prior studies have explored the application of the Holt-Winters method to vari-
ous types of economic data. The superiority of MLE-based ETS models in handling demand
data with strong seasonal components has been demonstrated [7]. A comprehensive review
affirmed that the choice of parameter estimation method significantly affects prediction inter-
vals and short-term forecast accuracy [8]. At the national level, preliminary evidence on the
performance of Holt-Winters for regional inflation data in Indonesia was provided, though
OLS and MLE were not compared in a systematic manner [9–12].

A number of prior studies have examined the application of Holt-Winters and ETS models
to CPI and inflation data. The application of ETS models to Indonesian inflation data found
that multiplicative models consistently outperformed additive ones for data with proportional
seasonal patterns [13, 14]. A similar approach was employed for COVID-19 data, concluding
that ETS(M,A,M) yielded the best MAPE [15]. Furthermore, a comparison of Holt-Winters and
ARIMA on CPI data from Central Java found that Holt-Winters was superior for data with strong
seasonality [16]. Internationally, it has been affirmed that the choice of estimation method is
one of the principal determinants of exponential smoothing model quality [17, 18].

Based on several previous studies, the Holt-Winters method has been widely applied for
CPI forecasting across various regions in Indonesia; however, these studies generally utilize
a single estimation approach without systematically comparing OLS and MLE. Consequently,
this study was conducted to compare OLS andMLE estimations within the Holt-Winters frame-
work. The study is designed to: (1) identify the statistical characteristics of monthly CPI data
for NTT over the period 2021–2025; (2) estimate Holt-Winters model parameters using OLS
and MLE in parallel; (3) evaluate and compare the accuracy of both approaches; and (4) gen-
erate CPI forecasting for NTT for 2026.

2. Methods
2.1. Data Sources and Description

The data used in this study consist of monthly CPI figures for Kupang City as a represen-
tative of NTT Province, obtained from official publications of the BPS Nusa Tenggara Timur
Provincial Office [19]. The dataset spans the period from January 2021 to December 2025,
comprising 60 observations with base year 2022=100. The data represent price changes
across seven major expenditure groups: food, beverages, and tobacco; clothing and footwear;
housing and utilities; household equipment; health; transportation; and information, com-
munication, and financial services. All analyses were performed using RStudio version 4.5.0.
Packages employed include: stats for the HoltWinters() function and ADF test; forecast version
8.21 for ets(), tsCV(), and accuracy(); tseries for the ADF test; and ggplot2 for data visualisation.
Manual parameter optimisation was conducted using the L-BFGS-B method via the optim()
function.
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2.2. The Holt-Winters Model and ETS Variants
The Holt-Winters model (Winters, 1960) extends Double Exponential Smoothing by in-

corporating a seasonal component. Within the ETS (Error, Trend, Seasonality) notation de-
veloped by [20], this model is represented as ETS(A,A,A) for the fully additive variant and
as ETS(M,A,M) for the variant with multiplicative errors and seasonality. For the additive
ETS(A,A,A) model, the component update equations are as follows:

Level : lt = α(yt − st−m) + (1− α)(lt−1 + bt−1), (1)

Trend : bt = β(lt − lt−1) + (1− β)bt−1, (2)

Seasonal : st = γ(yt − lt−1 − bt−1) + (1− γ)st−m, (3)

where m is the seasonal period length (m = 12 for monthly data), α, β, γ ∈ (0, 1) are the
smoothing parameters, and yt is the observed value at time t [2].

Themultiplicative ETS(M,A,M)model employs an analogous structure but withmultiplica-
tive interactions between components. This variant is more appropriate for data in which the
seasonal amplitude changes proportionally to the level, as is commonly observed in price data
experiencing growth [21].

2.3. Estimation Methods
OLS estimation in the Holt-Winters context works by finding values of α, β, and γ that

minimise the Sum of Squared Errors (SSE) across all in-sample periods. This approach requires
no assumption about the residual distribution and is computationally direct. The standard
implementation in R uses the HoltWinters() function from the stats package [22].

MLE, by contrast, maximises the log-likelihood function,

L(θ|y) = −n

2
ln(2π)− n

2
ln(σ2)− 1

2σ2

∑
e2t . (4)

Eq. (4) assumes i.i.d. normally distributed residuals. This approach is implemented via the
ets() function in the forecast package [20] or the fable package within the tidyverts ecosystem
[2, 23]. MLE theoretically yields estimators that are consistent and asymptotically efficient
when the distributional assumptions are satisfied [2].

The fundamental differences betweenOLS andMLE in the context of exponential smooth-
ing models have been examined by [24, 25]. They demonstrated that parameter initialisation
and the handling of the warm-up period (backcasting) significantly affect estimation quality,
particularly for data with strong seasonal components. MLE via ets() employs backcasting
initialisation by default, which tends to produce more stable estimates for seasonal data.

2.4. Forecast Evaluation Criteria
Model accuracy is assessed through multiple metrics, each with distinct characteristics

and sensitivities. MAPE (Mean Absolute Percentage Error) is the most intuitive metric be-
cause it is unit-independent and readily interpretable in a policy context. [26] established the
following MAPE accuracy classifications in Table 1.

RMSE is more sensitive to outliers and is well suited for comparing models on the same
data scale. For model selection, the information criteria AIC and BIC provide parsimony con-
siderations by penalising model complexity [27, 28].

2.5. Analytical Procedures
The analysis was conducted in several systematic stages:
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Table 1. Accuracy Classifications of MAPE

Classification Value

Highly accurate < 10%
Good 10%− 20%
Reasonable 20%− 50%
Inaccurate > 50%

1. Data exploration was performed, encompassing time series visualisation, descriptive sta-
tistical analysis, and seasonal decomposition to identify trend and seasonal patterns.

2. Stationarity testing was carried out using the Augmented Dickey–Fuller (ADF) test, with
the null hypothesis of a unit root [29].

3. Holt-Winters model parameters were estimated in parallel using OLS (HoltWinters() func-
tion) and MLE (ets() function) for both additive and multiplicative model variants.

4. Model accuracy was evaluated in-sample using MAE, RMSE, MAPE, and sMAPE, and out-
of-sample via time series cross-validation using the tsCV() function with a minimum train-
ing window of 36 observations.

5. The best performingmodel was used to generate a 12-month forecast (January–December
2026) together with 80% and 95% confidence intervals.

3. Results and Discussion
3.1. Descriptive Statistics

The Consumer Price Index (CPI) of East Nusa Tenggara Province dataset for the period Jan-
uary 2021–December 2025 comprises 60 monthly observations. Summary descriptive statis-
tics are presented in Table 2.

Table 2. Descriptive Statistics of NTT CPI (January 2021–December 2025)

Statistic Value

Number of Observations 60 months (Jan 2021–Dec 2025)
Minimum 104.31
First Quartile (Q1) 105.70
Median 107.50
Mean 108.60
Third Quartile (Q3) 111.80
Maximum 115.53
Standard Deviation 3.597
Coefficient of Variation 3.31%

Based on Table 2, a coefficient of variation of 3.31% indicates that the NTT CPI during
the observation period was relatively homogeneous, with no extreme fluctuations. The value
range of 104.31 to 115.53 reflects a consistent and moderate price increase, in line with the
controlled national inflation trend in the post-COVID-19 period. The relatively small difference
between the median (107.50) and the mean (108.60) suggests a nearly symmetrical distribu-
tion, indicating the absence of extreme price distortions in the data. The trend trajectory of
the NTT CPI over the observation period is presented in Figure 1.

Figure 1 shows the fluctuation of the NTT CPI during 2021–2025, characterised by a
sharp upward trend that peaked above 114 towards the end of 2023 before experiencing a
sudden sharp decline in early 2024. This abrupt drop is most likely attributable to a technical
adjustment, specifically a rebasing of the price index by the statistical authority, followed by a
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Figure 1. Consumer Price Index of East Nusa Tenggara Province, 2021-2025

moderate recovery trend rising to approximately 109 by the end of 2025. The jagged pattern
of the series also indicates the presence of regular seasonal fluctuations in the movement of
goods and services prices in the region.

3.2. Stationarity Test (ADF Test)
The Augmented Dickey–Fuller (ADF) test was conducted to determine whether the NTT

CPI series is stationary or contains a unit root. The purpose of the Augmented Dickey–Fuller
(ADF) test is to determine whether time series data is stationary or not. Results are presented
in Table 3.

Table 3. ADF Test Results for NTT CPI Data

Parameter Value

Dickey–Fuller Statistic −1.6349
Lag Order 3
p-value 0.7223
Conclusion Series is NON-STATIONARY (unit root present)

Based on Table 3, the p-value of 0.7223 significantly exceeds the significance threshold
of α = 0.05, leading to a failure to reject H0 (the presence of a unit root). This confirms that
the NTT CPI time series data is non-stationary, indicating the presence of systematic trend
and seasonal components. This finding is consistent with the general behaviour of price data,
which typically displays a long-run upward trend as a manifestation of cumulative inflation
[4–6]. Non-stationarity provides the methodological justification for using the Holt-Winters
model, which is inherently designed to handle data with trend and seasonal components
without requiring prior differencing.

3.3. Estimation of Holt-Winters Model Parameters
Model parameters were estimated in parallel using both methods. A comparison of the

estimated parameters is presented in Table 4.

Table 4. Comparison of Holt-Winters Model Parameters: OLS and MLE

Parameter HW-Add (OLS) HW-Mult (OLS) ETS(A,A,A) MLE ETS(M,A,M) MLE

Alpha (α) - Level 1.000000 1.000000 0.768466 0.999180
Beta (β) - Trend 0.024069 0.024234 0.147129 0.000103
Gamma (γ) - Seasonal 0.601266 0.554189 0.000101 0.000107
SSE / Log-Likelihood SSE = 131.62 SSE = 133.21 LL = −135.71 LL = −133.09
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Substantial differences in parameter estimates are evident between the two methods.
OLS-based models produce α = 1.000 in both variants, indicating that the optimisation al-
gorithm assigns full weight to the most recent observation and entirely disregards historical
information in level estimation. This extreme alpha value is a potential indicator of param-
eter initialisation problems in the standard R HoltWinters() function, particularly during the
warm-up period [20].

Based on Table 4, the OLS-based Holt-Winters model according to eq. (1) to (3) is as
follows:

lt = 1.000
yt

st−12

bt = 0.0242(lt − lt−1) + 0.9758bt−1

st = 0.5541
yt
lt

+ 0.4459st−12

Based on Table 4, this model shows more stable parameters, especially at very low sea-
sonal components, so the MLE (ETS(M,A,M))-based Holt-Winters model according to eq. (1)
to (3) is as follows:

lt = 0.9991
yt

st−12

+ 0.0009(lt−1 − bt−1)

bt = 0.0001(lt − lt−1) + 0.9999bt−1

st = 0.0001
yt
lt

+ 0.9999st−12

The log-likelihood equation according to eq. (4) is obtained as:

L(θ|y) = −30 ln(2π)− 30 ln(σ2)− 1

2σ2

60∑
t=1

e2t .

By contrast, the ETS(A,A,A) MLE model produces α = 0.768, reflecting a more balanced
weighting between recent and historical information. The very small gamma values in theMLE
models (γ ≈ 0.0001) indicate a highly stable seasonal component throughout the observation
period. This finding is consistent with [30], who demonstrated that MLE estimation through
backcasting yields more moderated parameter profiles for data with stable seasonality.

3.4. In-Sample Model Accuracy Evaluation
A comprehensive comparison of accuracy metrics across all four models is presented in

Table 5. MAPE is used as the primary metric in accordance with standard reporting practices
in the economic forecasting literature.

Table 5. Comparison of In-Sample Model Accuracy Metrics

Model MAE RMSE MAPE (%) sMAPE (%)

HW Additive (OLS) 55.0454 77.3287 50.2961 99.8260
HW Multiplicative (OLS) 54.8010 76.9746 50.0728 99.1815
ETS(A,A,A) MLE 0.6581 1.2394 0.6075 0.6051
ETS(M,A,M) MLE 0.6190 1.2235 0.5709 0.5676

The evaluation results reveal a dramatic disparity in accuracy between OLS- and MLE-
based models. OLS-based HW models produce MAPE values exceeding 50%, implying that the
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average forecast error is more than half the actual value, a performance classified as inaccurate
according to [26]. This poor performance is largely attributable to the α = 1.000 value in OLS,
which reduces the in-sample fit to essentially a randomwalk without historical memory, rather
than a representation of the systematic patterns in the data.

MLE-based ETS models, by contrast, demonstrate exceptionally high performance, clas-
sified as highly accurate. ETS(M,A,M) MLE achieves the best in-sample result with MAPE
= 0.5709% and RMSE = 1.2235, marginally surpassing ETS(A,A,A) MLE. The superiority of
ETS(M,A,M) is consistent with the theoretical argument that multiplicative models are more
appropriate for CPI data, where seasonal amplitude is proportional to the series level [21].

3.5. Comparison of Information Criteria
The information criteria AIC, BIC, and AICc provide an additional perspective that ac-

counts for model complexity, as shown in Table 6.

Table 6. Comparison of Information Criteria for MLE Models

Model AIC BIC AICc Log-Likelihood

ETS(A,A,A) MLE 307.41 345.11 324.10 −135.71
ETS(M,A,M) MLE 302.18 339.87 318.86 −133.09
ETS(M,N,N) – Auto 285.02 — — —

Based on Table 6, ETS(M,A,M) MLE consistently achieves lower AIC (302.18), BIC (339.87),
and AICc (318.86) values compared with ETS(A,A,A) MLE, statistically confirming the superi-
ority of the multiplicative model. Notably, the automatic model selection in R recommends
ETS(M,N,N) with AIC = 285.02, a model that does not include explicit trend or seasonal com-
ponents. This suggests that although the data visually exhibit seasonal patterns, those pat-
terns may not be statistically strong enough to be justified by information criteria alone. This
phenomenon has been discussed in a broader context by [31], who showed that AIC does not
always identify seasonal models even when visual seasonality is present.

3.6. Residual Diagnostics
Residual diagnostics were conducted to verify the satisfaction of model assumptions,

covering normality, autocorrelation, and homoscedasticity. The test results are presented in
Table 7.

Table 7. Residual Diagnostic Results for All Models

Test HW Add OLS HW Mult OLS ETS(A,A,A) ETS(M,A,M)

Shapiro–Wilk (W) 0.5007 0.5013 0.6481 0.6373
p-value (Normality) 0.0000 0.0000 0.0000 0.0000
Ljung–Box Q(20) 8.8548 8.7691 17.9260 20.5479
p-value (Autocorrelation) 0.9845 0.9854 0.5923 0.4242
Heteroscedasticity (r) −0.0079 −0.0080 0.0204 0.0204
p-value (Heteroscedasticity) 0.9576 0.9568 0.8768 0.8769

Based on Table 7, all models fail to satisfy the normality assumption for residuals (Shapiro–
Wilk p-value = 0.0000 for all models). Nevertheless, the W statistics for MLE models (0.6481
and 0.6373) are relatively closer to 1 than those of OLS models (0.5007 and 0.5013), indicating
that MLE residuals follow a comparatively more normal distribution. The normality failure in
OLS models is largely attributable to very large residuals resulting from suboptimal parameter
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estimation.
With respect to autocorrelation, all four models exhibit Ljung–Box p-values well above

0.05, confirming the absence of systematic autocorrelation in the residuals. This is a positive
indication that all models have successfully captured the temporal structure of the NTT CPI
data. Heteroscedasticity tests also yield favourable results for all models (p-value > 0.05),
indicating homogeneous residual variance throughout the observation period.

3.7. Forecasting
CPI forecasting for NTT for the 12months of 2026, using the best performingMLEmodel,

are presented in Table 8. The model generates a consistent seasonal pattern with CPI peaks in
July and December, aligned with the high consumption periods typical in NTT (school holidays
and religious celebrations).

Table 8. NTT CPI Forecast January–December 2026

Month CPI Forecast 2026

January 107.38
February 107.40
March 107.86
April 108.39
May 108.25
June 108.44
July 109.01
August 108.33
September 108.42
October 108.46
November 108.73
December 109.54

The ETS(M,A,M) MLE model projects a gradual increase from 107.38 in January 2026 to
109.54 in December 2026, reflecting cumulative inflation of approximately 2.0% over the year.
This rate is relatively low compared with the historical national inflation average, indicating a
stable price environment in NTT over the medium term. The forecast trajectory is illustrated
in Figure 2.

Figure 2. Consumer Price Index of East Nusa Tenggara Forecast for 2026

Figure 2 shows that the projected CPI follows a continuing upward trend (uptrend) through-
out 2026. The forecast begins below 108 in early 2026 and is projected to approach or exceed
110 by year-end. The oscillating pattern of the forecast line indicates that the Holt–Winters
model successfully captures seasonal fluctuations, namely the recurring up-and-down patterns
that mirror the behaviour observed in the historical data from preceding years.
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The application of MLE in parameter estimation yields forecast results that minimise the
log-likelihood discrepancy between the model and the original data, producing projections
that are realistic in that they continue the trend slope established by the end of 2025 data.
From a policy perspective, these projections can serve as a reference for the NTT Provincial
Government and the Regional Inflation Control Team (TPID) in designing price stabilisation
strategies, with particular attention required in July and December, the months with the high-
est projected price pressures.

4. Conclusion
This study confirms that the movement patterns of the Consumer Price Index (CPI) in

East Nusa Tenggara (NTT) Province exhibit non-stationary characteristics, characterized by a
consistent upward trend and systematic seasonal fluctuations. The primary finding indicates
that within the Holt–Winters framework, the Maximum Likelihood Estimation (MLE) method
offers a significant performance advantage (MAPE < 10%) over the Ordinary Least Squares
(OLS) approach.

The implementation of MLE through the ETS model proved more effective in optimizing
model parameters, thereby yielding a substantially more reliable level of forecast accuracy for
regional economic data with strong seasonal patterns. Forecasting for 2026 indicates a ten-
dency toward moderate price increases in NTT, with potential seasonal inflationary pressures
that warrant anticipation during the mid-year and year-end periods.

Although the MLE-based model demonstrated high precision in this study, there are lim-
itations regarding the fulfillment of residual normality assumptions that should be considered
when interpreting forecast confidence intervals. As a direction for future research, it is recom-
mended that the performance of ETSMLE be comparedwithmachine learning algorithms such
as LSTM, Prophet, or XGBoost to obtain more comprehensive forecast accuracy assessments
at the regional scale.
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