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Abstract: 

Introduction: The role of inflation forecasting in the monetary-policy assessment, financial planning and macroeconomic decision-making is 

crucial. This study also compares the Seasonal Autoregressive Integrated Moving Average (SARIMA) and Extreme Gradient Boosting 

(XGBoost) models to forecast Sticky Price Consumer Price Index (Sticky CPI) in the United States of America (USA) for seasonality during 

the past decade. 

Methodology: The current-vintage dataset (January 1968 to August 2024) contains 680 observations. All the 200 test months (Jan. 2008-Aug. 

2024) were set aside for pseudo-out-of-sample evaluation, while the rest of the months (Jan. 1968-Dec. 2007) were used for model development 

only. One SARIMA order was selected one time from the pre-2008 sample and then these coefficients were re-estimated at each forecast origin. 

Recursive forecasts were obtained from a single SARIMA specification. XGBoost was fine-tuned separately for each horizon using five 

validation folds with a growing window that were completely nested within the pre-2008-time frame, with the hyperparameters fixed and the 

corresponding direct models re-estimated at each origin. 

Results: The reproduced analysis does not hold true for the 12-month XGBoost advantage. SARIMA records the lowest RMSE at all four 

horizons: 0.0869, 0.2420, 0.4229 and 0.9611, compared with XGBoost values of 0.1940, 0.4314, 0.7564 and 1.3040. After Holm adjustment, 

SARIMA is favored by Harvey-Leybourne-Newbold corrected Diebold-Mariano tests at 1, 3 and 6 months compared to XGBoost, while it is 

not significant at 12 month (p = 0.0673). Under a moving-block bootstrap, the 12-month RMSE is significantly larger for the predefined post-

2020 analysis for all models, with SARIMA having a much smaller RMSE than XGBoost during that time. Additionally, feature ablation 

indicates that the entire nonlinear specification of XGBoost is weaker than a linear ridge model with the same features, after regularisation. 

Prediction intervals are conservative for both types of models, and SARIMA intervals are narrower and have lower interval scores.  

Conclusion: The results provide support to the discipline of benchmark evaluation, uncertainty reporting and monitoring of model-combination 

superiority through machine-learning, but do not support unconditional superiority of machine-learning. 

Keywords: Inflation forecasting, sticky CPI, SARIMA, XGBoost, rolling-origin evaluation, direct forecasting, recursive 

forecasting, forecast uncertainty. 

1. INTRODUCTION 

Inflation forecasting is a central problem in applied 
macroeconomics because expected inflation influences 

monetary policy decisions, financial market valuation, wage 
bargaining, contract design and household planning [1, 2]. 
Forecasting inflation is nevertheless difficult because inflation 
combines persistent serial dependence with episodes of rapid 

Research Article 

https://doi.org/10.67887/PD2601208007
mailto:shaistachaudhery786@gmail.com
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.67887/PD2601208007
mailto:shaistachaudhery786@gmail.com


Precision Journal of Applied Mathematics and Statistics, 2026, Vol. 1 

 

Shaista Sabir 

 

2 

change. Recent inflation values often contain useful 
information for short-horizon forecasts, but supply 
disturbances, changes in demand, monetary-policy responses 
and shifts in expectations can alter the inflation path over 
longer horizons [3]. 

One of the most important empirical properties of inflation 
is persistence. Sticky price adjustment, wage-setting 
arrangements, adaptive expectations and delayed policy 
transmission can cause inflation to respond gradually to 
disturbances [4-6]. This persistence allows autoregressive and 
naive forecasts to remain competitive, particularly at short 
horizons. However, a stable autoregressive relationship cannot 
represent every inflation episode. The post-2020 increase in US 
inflation combined supply constraints, relative-price changes, 
labour-market pressures and demand-related influences that 
were difficult to anticipate using lagged inflation alone [7-10]. 

These properties have different approaches to them across 
classical time-series and machine-learning models. SARIMA 
accounts for linear auto-regression, moving-average and 
seasonal relationship in an economical model or stochastic 
model [11-13]. XGBoost has the ability to model nonlinear 
decision-tree partitions, and can model conditional 
relationships between lagged values and rolling statistics [14-
17]. More flexibility could be of benefit in case the relation 
turns out to be nonlinear, but also adds sensitivity to the choice 
of the hyper-parameters and can make overfitting more likely 
when samples are relatively small, as is common with macro-
economic data. 

The prediction horizon also affects the accuracy of 
forecasts. The forecast for one month of inflation is sensitive to 
the most recent inflation figure, and a 12 months forecast would 
have higher levels of accumulated uncertainty. Measures of 
how well one-step-ahead forecasts are realized may therefore 
be misleading if used to assess comparative performance. The 
leakages were studied at 1-, 3-, 6- and 12-month time horizons 
for some common target dates in a leakage-controlled rolling-
origin design. 

RQ1: How do SARIMA, XGBoost, naive and seasonal-
naive forecasts compare at 1-, 3-, 6- and 12-month horizons? 

RQ2: Does relative performance differ between predefined 
pre-2020 and post-2020 target periods? 

RQ3: Are pairwise loss differences statistically significant 
after accounting for overlapping multi-step errors and multiple 
testing? 

RQ4: Which XGBoost feature groups contribute to their 
forecast performance? 

RQ5: How well calibrated and sharp are the models' 80% 
and 95% prediction intervals? 

H1: The relative predictive performance of SARIMA and 
XGBoost is horizon dependent, with SARIMA expected to 
perform strongly at shorter horizons and XGBoost potentially 
improving relative to SARIMA at the 12-month horizon. 

H1 is evaluated using changing error rankings and horizon-
specific pairwise comparisons. It is not treated as though one 

omnibus test directly establishes horizon dependence. The 
reproduced evidence ultimately does not support the 
hypothesised ranking reversal because SARIMA records the 
lowest RMSE on every horizon. 

The contribution is not the first one that uses XGBoost for 
inflation forecasting (which is already established). Rather, in 
this study the univariate re-evaluation is done under the 
controlled setting of SARIMA and the XGBoost model share 
the same Sticky CPI history. It blends the advantages of pre-
specified models, of separating and directly specifying the 
recursive and direct strategies, of common dates of forecast, of 
naive benchmarks, of forecast accuracy tests, of prediction 
intervals, of a predetermined period comparison, of feature 
ablation and of prediction combination. The design thus 
focuses on the replicability of the findings, and minimizes the 
risk that differences are caused by differential access to external 
macroeconomic predictors. 

2. LITERATURE REVIEW 

2.1. General Forecasting and Economic Time-Series 
Evaluation 

A forecasting experiment is reliable if it maintains the order 
of the information as it arrives. Later observations can be used 
for model development for earlier forecasts by random cross 
validation. Instead, the rolling-origin and expanding-window 
procedures sequentially step the origin and use only 
information up to the current origin to form each prediction 
[18]. This results in repeating out-of-sample errors and is not 
reliant on any one arbitrary hold out date. 

Multi-step forecasts can be recursive or non-recursive. A 
recursive strategy estimates one model and then extends it out 
to longer time horizons, and may build up errors. A direct 
strategy is the estimation of a distinct model for each horizon, 
with no attempt to use shorter-horizon predictions in the 
following steps, at the cost of having more models. The 
differences in the performance can thus be attributed to both the 
model family and multi-step strategy [19, 20]. 

Clear standards are a must. A naive forecast is used to check 
if the sophisticated model is better than the persistence model; 
a seasonal-naive model is used to check annual repetition. The 
consensus evidence is the lower value of RMSE or MAE, but 
formal comparison of forecasts needs a loss-differential test. 
The errors in multi-step forecasts may be serially correlated, 
which can justify the use of HAC variance estimation and 
finite-sample [21, 22]. 

Forecasts of point values are also inadequate when 
considering policy applications. Empirical coverage, width and 
proper scoring rules need to be used to evaluate prediction 
intervals [23, 24]. Model selection risk can be minimized by 
forecasting combinations, though the importance of assessing 
combinations out of sample is not emphasized [25]. 

2.2. Inflation Persistence and Forecasting 

The persistence of inflation reflects the persistence of a 
relation with the inflation's past and the gradual response to 
inflation changes. It may be due to delayed policy transmission, 
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expectations, wage-setting mechanisms and price stickiness [3, 
26]. Statistically, persistence appears through positive 
autocorrelation over several lags. 

Although AR methods are increasingly employed for 
preventing this problem, ARIMA type models are still widely 
applied in this area because they make apparent serial 
dependence and provide uncertainty estimates of the model. 
Their limitations occur when there is change in linear 
relationships or when recycled errors occur [27]. Machine 
learning methods give regularisation and non-linear function 
approximation; however, some benefits from their use rely on 
the information content, on the number of samples and on the 
design of the validation [28, 29]. 

No literature supports universal machine-learning 
superiority. In data-rich settings, flexible models can be useful, 
while simpler autoregressive models can be easily 
outperformed by inflation's high persistence [30]. A controlled 
univariate design is then useful to assess whether the addition 
of value to the series into nonlinear feature transformations is 
worth the added model complexity when the same series is used 
for both model families. 

2.3. Predefined Period Analysis 

The differences in inflation levels and volatility can be 
easily seen among the 70s, the Great Moderation, and the post-
2020 episode [29, 30]. The post-2020 inflation episode is thus 
regarded as a helpful ad hoc stress scenario as it represented 
both supply-side restrictions, price shocks, labour-market 
pressures and inflation expectations. Recent studies on 
pandemic-era inflation have highlighted how these forces 
affected the short-run inflation environment, and the challenge 
of forecasting inflation. In the broader literature, formal 
methods of structural breaks are appropriate, but are not 
employed to pinpoint a break date in this research. The a priori 
target-date split for January-2020 is solely for showing 
performance for that point in time. In line with this, the analysis 
below considers only the specified periods, the pre-2020 
inflation episode and episode of increased instability; it does 
not suggest that a breakpoint is actually found here, but simply 
background details and future extensions are mentioned. 

2.4. Research Gap 

Although inflation forecasting has been extensively 
examined using traditional econometric models and, more 
recently, machine-learning methods, several methodological 
gaps remain. First, many machine-learning studies use data-
rich predictor sets containing labour-market, financial, 
monetary, commodity-price and expectations variables. Such 
studies demonstrate the potential value of flexible algorithms 
but do not isolate whether improvements arise from the 
nonlinear model itself or from access to a larger information 
set. There is, therefore a need for a controlled comparison in 
which classical and machine-learning models receive the same 
underlying historical information. 

Second, existing studies frequently concentrate on one-
step-ahead or a limited number of forecast horizons. This 
provides an incomplete assessment because the persistence, 
uncertainty and information requirements of inflation 

forecasting change as the horizon increases [31, 32]. Moreover, 
comparisons between statistical and machine-learning 
approaches do not always clarify whether multi-step 
predictions are generated recursively or through separate direct 
models. Since recursive and direct strategies have different 
bias–variance properties, failing to distinguish them can 
obscure the source of observed performance differences. 

Third, the temporal validation procedures used in machine-
learning forecasting are not always reported with sufficient 
precision. Studies can use a general reference of rolling or 
expanding validation, even if the actual training dates are not 
mentioned, the number of validation folds is not mentioned, the 
sample size is not mentioned for the different horizons and the 
hyperparameters are not re tuned during the final evaluation. 
This raises questions on how repeatable the results are and the 
chance of introducing look-ahead bias. Multi-step forecast 
errors have also to be treated appropriately for overlapping 
(finite-sample, treatment of multiple forecast comparisons) but 
the loss differential direction is not always reported. 

The fourth, the comparative literature is focused on 
providing point forecast accuracy, and less on providing 
prediction-interval coverage, interval width, feature-group 
contribution and forecast combinations. As a result, it is 
difficult to distinguish between a model that has a low average 
error and one that has well-calibrated uncertainty estimates - 
and whether the success of a model is due to lagged or rolling 
predictors. Another typical type of interpretation of period-
specific evaluations is as evidence of structural change, without 
making a formal breakpoint estimate. 

This paper strives to fill these gaps by conducting a 
univariate and multi-horizon controlled comparison of 
SARIMA and XGBoost based on same history of the Sticky 
CPI. It uses an explicit model specified separately for the 
development set, a set of 5 validation folds of the expanding 
window choosing the target dates for each explicitly provided, 
deterministic model choices, recursive SARIMA models (may 
be used for the top level forecasting model), direct XGBoost 
models for the forecasts within a given window (expanding 
window across the folds) and a common set of target dates for 
the out-of-the-sample forecasts. The comparison also includes 
a number of naive benchmarks, tests of forecast error, 
prediction intervals, feature-group ablation and forecast 
combinations as well as a clearly defined pre-2020/post-2020 
period analysis. The trick here is the transparency of the 
methodology, and the ability to reproduce and develop 
meaningful comparisons rather than ascribing the first use of 
machine learning to inflation forecasting. 

3. METHODOLOGY 

3.1. Empirical Pipeline 

The design is summarised in Fig. (1). The pre-2008 sample 
is employed for diagnostic analysis, order selection with 
SARIMA model and tuning for XGBoost across horizons. The 
200 target months used for the last pseudo out-of-choice test is 
the same for all the horizons. The difference lies in the orders 
for both the SARIMA and the four separately tuned direct 



Precision Journal of Applied Mathematics and Statistics, 2026, Vol. 1 

 

Shaista Sabir 

 

4 

horizon-specific models of XGBoost: the SARIMA has a fixed 
order and creates recursive multi-step forecasts, while 
XGBoost has four different orders and creates four 
independently tuned direct horizon-specific forecasts. Point 
accuracy, interval performance and pairwise forecast-accuracy 
tests or predefined-period comparisons, feature ablations and 
combinations of forecasts are subsequently assessed. 

3.2. Dataset 

This study is based on the Sticky Price Consumer Price 
Index Less Food and Energy (Sticky CPI) series, 
CORESTICKM159SFRBATL, available from the Federal 
Reserve Bank of Atlanta and from Federal Reserve Economic 
Data (FRED) [6, 26]. The series is published monthly, 
seasonally adjusted and as a percentage change from 12 months 
earlier. The current-vintage sample includes 680 observations 
for the period January 1968 to August 2024. The mean it has 
reproduced is 4.331%, with a sample standard deviation of 
2.684 percentage points, a minimum of 0.664% and a 
maximum of 15.774% (Table 1). 

The inflation rate has experienced significant changes over 
time, particularly during the 1980s and again following 2020, 
as seen in Figs. (2 and 3). The additive decomposition suggests 
significant long-run trends, a very small seasonal variation 

compared to the trend, and higher irregular deviations in 
periods of high inflation turmoil. 

3.3. Preprocessing and Temporal Validation 

The dates were adjusted to a monthly scale, and anomalies 
were identified and removed using a time series analysis with a 
complete time series from January 1968 to August 2024. There 
have been no "holes" in the series, no double dates, or non-
numeric data. Various inflation observations for this series 
were more meaningful on an economic basis, and were 
therefore retained, rather than winsorised. No scaling applied, 
SARIMA is estimated on the proportion scale (from 0 to 100) 
and XGBoost is also on the same level due to the distance-
based standardisation of tree partitions not being a prerequisite 
requirement. All lagged and/or rolling features were moved to 
be contained within the feature vector at origin timestep t only. 
The model development took place between January 1968 until 
December 2007. The last evaluation period was the same 200 
planning targets between January 2008 and August 2024; for 
target T and horizon h, the period between T and T-h months 
was used for the planning period of forecast Origin. This 
common target design ensures that comparisons between 
different areas of the sky are relevant and that different samples 
are not involved. 

 

Fig. (1). Empirical pipeline for model development, expanding-window validation, rolling-origin forecasting and statistical evaluation. 
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Fig. (2). US sticky CPI from january 1968 to august 2024. 

 

Fig. (3). Additive trend, seasonal and remainder components of sticky CPI. 
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Table 1. Dataset description and descriptive statistics. 

Item Description/value 

Formal Series Name Sticky Price Consumer Price Index Less Food and Energy 

Abbreviation Sticky CPI 

Series Code CORESTICKM159SFRBATL 

Source FRED / Federal Reserve Bank of Atlanta 

Frequency Monthly 

Units Percent change from year ago, seasonally adjusted 

Period January 1968-August 2024 

Observations 680 

Mean 4.331% 

Standard Deviation 2.684 percentage points 

Minimum 0.664% 

Maximum 15.774% 

3.3.1. Stationarity Assessment 

The development sample used prior to 2008 was used for 
estimates of the ADF and KPSS tests. The level series is not 
rejected as a unit root when the constant-only ADF is used        
(p = 0.0817), but is rejected at 5% when the level ADF is 
specified with the trend (p = 0.0188), revealing sensitivity to 
the deterministic specification of the ADF. The first difference 
of the consumer price index also fails to show a unit root either 
in the constant-only specification (p = 0.0006) or in the 
constant-plus-trend specification (p = 0.0045). KPSS does not 
reject stationarity as originally observed (p = 0.010), but rejects 
stationarity as first difference (p > 0.100). A choice was made 
to use d = 1 as first differencing provides concordant evidence 
both in these test families and in the deterministic 
specifications. This decision is not based on the level ADF 
result obtained from just one trend indicator (Tables 2 and 3). 

Noisy ACF suggests high and sustained correlation of serial 
changes. There is a significant first lag feature in the PACF 
along with a few other big lags (Figs. 4 and 5). The plots are 
included simply as diagnostic plots as evidence of recent 
persistence was insufficient for the final order of the SARIMA. 

3.4. Five Expanding-Window Validation Folds 

For each horizon, the tuning of XGBoost was conducted 
independently and a fifth subset of four years was used for 
validation, all contained in the past. The 240 validation 
forecasts were equally split between each of the 48 months in 
each of the two folds. Training was performed on a one-month 
increment at each origin with only feature-target pairs for 
which the target had been observed (Tables 4 and 5). 

3.5. Forecasting Strategies and Benchmarks 

SARIMA uses one order for all horizons. The order was 
selected once from January 1968-December 2007, fixed 
thereafter, and its coefficients were re-estimated at every 

forecast origin. Forecasts at 1, 3, 6 and 12 months were 
generated recursively from this single specification. XGBoost 
uses a direct strategy: separate supervised targets y (t+1), y 
(t+3), y (t+6) and y (t+12) were trained and tuned 
independently, and shorter-horizon predictions were not inputs 
to longer-horizon predictions. The comparison should therefore 
be interpreted as a comparison of complete forecasting systems 
- recursive SARIMA versus direct horizon-specific XGBoost - 
rather than as a pure algorithmic comparison in which the 
multi-step strategy is held constant. The naive forecast is a 
forecast based on the value at the forecast origin, and the 
forecast value using the seasonal naive approach equals the 
observed value for the same target month 1 year earlier. These 
two benchmark definitions are equivalent at the 12-month time 
horizon because the origin is set 12 months before the target. 

3.6. SARIMA Selection and Diagnostics 

The candidate grid spanned a range of P and Q from 0-2, of 
d 0-1, of seasonal P and D 0-1, and for s = 12, resulting in 144 
specifications. The sample prior to 2008 was used to infer 
candidate models and the ranking was based on AIC, AICc and 
BIC. The lowest-AIC specification was SARIMA (2,1,1) 
(1,0,1) [12], with AIC -206.829, AICc -206.652 and BIC -
181.977. 

Residuals for white-noise (given the selected model) are not 
shown in the reproduced diagnostics. Ljung-Box tests give Q 
(12) = 21.001 (p = 0.0038) and Q (24) = 48.184 (p = 0.0002), 
so statistically significant residual autocorrelation remains. 
Residual independence belongs to the vital adequacy 
diagnostics of SARIMA-related analyses, and is of particular 
importance for uncertainty calculations using models. The 
model is still used and not selected again after the final 
evaluation results, but it ended up being the lowest AIC 
(desired model). The non-independence of the remaining 
autocorrelation however will not vitiate the comparative 
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pseudo-out of sample error analysis, as in all comparative tests 
used, the same targets are being used to test all models and the 
loss inference used is conducted on HAC-adjusted tests that 
allow for serial correlation in the forecasts' loss difference. It 
does, however, signal less-than-perfect specification of 
SARIMA, and will be declared as a special case, especially in 
the context of the model-based prediction intervals in Table 6. 

3.7. XGBoost Model and Hyperparameter Selection 

The direct XGBoost predictors were lags 1-12, rolling 
means over 3, 6 and 12 months and rolling variances over the 
same windows. The grid contained 144 transparent candidate 
combinations per horizon: learning rate {0.03, 0.10}; 
maximum depth {2, 3, 5}; estimators {100, 200, 300}; 
subsample {0.8, 1.0}; column subsample {0.8, 1.0}; and 
minimum child weight {1, 3}. The seed used was 42 for a fixed 
seed. 

Tuning was done once prior to January 2008, and then 
separately to each forecast horizon. The chosen 
hyperparameters for the XGBoost model were then kept 
constant for the subsequent evaluation and the horizon model 
was re-estimated as the rolling origin moved to the right. 
Separating information in order that information not used in the 
final period do not impact on information that is used to select 
the model, as well as explicitly showing the direct forecasting 
strategy (Tables 7 and 8). 

3.8. Accuracy, Statistical Testing and Uncertainty 

Standard accuracy measures such as RMSE, MAE and 
MAPE [10] were used to assess the point accuracy. The 
primary reason for considering the RMSE and MAE is that 
percentage errors can be unstable at low levels of inflation. Bias 
is the difference between actual and forecasted (actual - 
forecast) and negative bias corresponds to over-prediction 
while positive bias corresponds to under-prediction. 

The squared error loss function and the DM test are used in 
pairwise comparisons. The loss differential, defined as d(t) = 
e_A(t)^2 - e_B(t)^2, would then be less to the benefit of model 
A. For multi-step errors the second, long-run variance is 
estimated using a Newey-West HAC estimator with lag h-1 
[22]. A finite sample correction of Harvey-Leybourne-
Newbold is used, and p-values are two-sided [21]. Holm 
adjustments are provided both overall across all 12 pairwise 
tests, and within each family of comparisons across the four 
horizons. 

DMHLN =  sqrt [
n + 1 − 2h +

h(h − 1)

n

n
] ×  DM                        (1) 

SARIMA intervals are model-based. XGBoost intervals use 
symmetric empirical absolute-error quantiles calibrated from 
the 240 pre-2008 validation forecasts at each horizon. Interval 
performance is evaluated using empirical coverage, mean 
width and mean interval score. The SARIMA intervals are 
model based. Split intervals for XGBoost are computed as the 
symmetric empirical absolute-error quantiles based on 240 pre-
2008 forecast ensemble validation data for each horizon. The 

empirical coverage, the mean width and interval score [23, 24] 
can be used to assess interval performance. Since those 
XGBoost intervals are customarily called validation-calibrated 
empirical intervals, rather than finite-sample conformal 
guarantees that hold in independent samples, it warrants 
additional consistencies in the descriptions. The predefined 12 
months comparison period uncertainty in RMSE and difference 
in RMSE between two models (between RMSE of RMSEs), 
were computed using a moving-block bootstrap to the aligned 
forecast-error pairs within each period. A 12-month block 
length, 3,000 bootstrap replications and the fixed random seed 
of 42 were used. The model alignment and local serial 
dependence between underlying model errors are preserved as 
reported 95% percentile (or bootstrap) confidence intervals: 
those intervals defined by the empirical 2.5th and 97.5th 
percentiles of the bootstrapped distribution of model errors. 

The naive benchmark results in significantly lower RMSE 
and MAE for periods of 1–6 months, which indicates high 
short-term persistence. Both benchmarks meet after 12 months 
as target aligned forecasts over the seasonal time horizon are 
the same as naive ones (Figs. 6 and 7). 

4. RESULTS 

4.1. Descriptive Patterns 

CPI stickiness was high and erratic in the 1970s and early 
1980s, fell during other decades and rose after 2020. The 
seasonal component is less in size when compared with the 
trend and remainder. The ACF is a decreasing curve, while the 
PACF is a good first-lag curve alone, so there is no reason to 
believe that the order of the SARIMA model can be determined 
by visual inspection. 

4.2. Point-Forecast Accuracy 

The descriptive RMSE and MAE values are the lowest for 
SARIMA at all horizons. Its RMSE values are 0.0869, 0.2420, 
0.4229 and 0.9611 at 1, 3, 6 and 12 months, compared with 
0.1940, 0.4314, 0.7564 and 1.3040 for XGBoost. Relative to 
the naive model, SARIMA reduces RMSE by 39.92%, 32.86%, 
32.28% and 11.47%, respectively. In the reproduced analysis, 
XGBoost has higher RMSE than the naive benchmark at all 
four horizons. Table 9 shows that at 12 months the RMSE of 
naive and seasonal naive forecasts are the same by 
construction. In Section 4.3, the lower SARIMA loss when 
compared to the XGBoost loss comes from formal inference, at 
the 1-, 3-, and 6-month horizons, but is merely descriptive at 
the 12-month horizon because its corresponding DM-HLN test 
is not significant at the 5% level. This short-term bias is 
consequently stronger than difference of 12 months (Fig. 8). 

Fig. (9) shows that SARIMA has lower MAE than the two 
benchmarks at each horizon in the descriptive results. The 
further away the time horizon, the more errors you will make 
in your forecast – the more significant the improvements over 
1-6 month periods. The largest magnitude of error is the lower 
12-month error, which is recorded by SARIMA, but this is 
described as a descriptive error ranking and not as inferential 
superiority. 
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Fig. (4). Autocorrelation function of Sticky CPI. 

 

Fig. (5). Partial autocorrelation function of Sticky CPI. 

Table 2. Augmented dickey-fuller stationarity tests. 

Series Specification Lags Statistic p-value 1% CV 5% CV 10% CV 

Level Constant 18 -2.6575 0.0817 -3.4446 -2.8678 -2.5701 

Level Constant + trend 18 -3.7578 0.0188 -3.9785 -3.4201 -3.1327 

First difference Constant 17 -4.2088 0.0006 -3.4446 -2.8678 -2.5701 

First difference Constant + trend 17 -4.1986 0.0045 -3.9785 -3.4201 -3.1327 
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Table 3. KPSS stationarity tests. 

Series Specification Lags Statistic p-value 

Level Constant 12 1.7969 0.010 

Level Constant + trend 12 0.2284 0.010 

First difference Constant 9 0.078 >=0.100 

First difference Constant + trend 9 0.0505 >=0.100 

Table 4. Expanding-window validation dates. 

Fold Target Dates 1-Month Origins 3-Month Origins 6-Month Origins 12-Month Origins Validation n 

1 1988-01 to 1991-12 1987-12 to 1991-11 1987-10 to 1991-09 1987-07 to 1991-06 1987-01 to 1990-12 48 

2 1992-01 to 1995-12 1991-12 to 1995-11 1991-10 to 1995-09 1991-07 to 1995-06 1991-01 to 1994-12 48 

3 1996-01 to 1999-12 1995-12 to 1999-11 1995-10 to 1999-09 1995-07 to 1999-06 1995-01 to 1998-12 48 

4 2000-01 to 2003-12 1999-12 to 2003-11 1999-10 to 2003-09 1999-07 to 2003-06 1999-01 to 2002-12 48 

5 2004-01 to 2007-12 2003-12 to 2007-11 2003-10 to 2007-09 2003-07 to 2007-06 2003-01 to 2006-12 48 

Table 5. Usable training pairs at the first origin of each fold. 

Fold h = 1 h = 3 h = 6 h = 12 Validation Targets 

1 228 224 218 206 48 

2 276 272 266 254 48 

3 324 320 314 302 48 

4 372 368 362 350 48 

5 420 416 410 398 48 

Table 6. Ten leading SARIMA candidates from the pre-2008 sample. 

Model AIC Delta AIC AICc BIC Q(12), p Q(24), p 

SARIMA(2,1,1)(1,0,1)[12] -206.829 0.000 -206.652 -181.977 21.001 (0.0038) 48.184 (0.0002) 

SARIMA(2,1,2)(1,0,1)[12] -203.976 2.853 -203.739 -174.997 19.678 (0.0032) 46.472 (0.0003) 

SARIMA(2,1,1)(0,0,1)[12] -203.609 3.220 -203.483 -182.899 26.358 (0.0009) 55.121 (0.0000) 

SARIMA(1,1,2)(1,0,1)[12] -201.333 5.496 -201.155 -176.494 27.421 (0.0003) 55.030 (0.0000) 

SARIMA(2,1,2)(0,0,1)[12] -201.032 5.797 -200.854 -176.193 24.074 (0.0011) 52.520 (0.0001) 

SARIMA(1,1,2)(0,0,1)[12] -198.290 8.539 -198.163 -177.591 33.166 (0.0001) 62.851 (0.0000) 

SARIMA(1,1,1)(1,0,1)[12] -193.265 13.564 -193.138 -172.555 36.640 (0.0000) 67.669 (0.0000) 

SARIMA(1,1,1)(0,0,1)[12] -191.165 15.664 -191.081 -174.597 41.108 (0.0000) 73.664 (0.0000) 

SARIMA(2,1,0)(0,0,1)[12] -182.742 24.087 -182.658 -166.166 29.615 (0.0005) 62.060 (0.0000) 

SARIMA(2,1,0)(1,0,1)[12] -182.667 24.162 -182.540 -161.957 26.324 (0.0009) 56.708 (0.0000) 
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Table 7. Horizon-specific XGBoost settings. 

Parameter 1 Month 3 Months 6 Months 12 Months 

Learning Rate 0.03 0.03 0.03 0.03 

Maximum Depth 2 3 3 3 

Estimators 300 200 200 100 

Subsample 0.8 1.0 0.8 1.0 

Column Subsample 1.0 0.8 1.0 0.8 

Minimum Child Weight 3 1 3 1 

Mean Validation RMSE 0.2716 0.6141 1.0905 2.0430 

Table 8. Validation RMSE by fold and horizon. 

Fold 1 Month 3 Months 6 Months 12 Months 

1 0.1895 0.4263 0.6111 0.5929 

2 0.2494 0.4497 1.0827 2.3284 

3 0.6770 1.5465 2.6250 5.0709 

4 0.1363 0.4065 0.6698 1.2330 

5 0.1056 0.2416 0.4641 0.9899 

Mean 0.2716 0.6141 1.0905 2.0430 

Table 9. Forecast accuracy. 

Horizon Model RMSE MAE MAPE (%) Bias Error SD 

1 Naive 0.1447 0.1013 4.24 0.0070 0.1449 

1 Seasonal naive 1.0857 0.7546 32.19 0.1041 1.0834 

1 SARIMA 0.0869 0.0624 2.82 -0.0167 0.0855 

1 XGBoost 0.1940 0.1360 7.44 -0.0380 0.1908 

3 Naive 0.3604 0.2541 10.62 0.0234 0.3605 

3 Seasonal naive 1.0857 0.7546 32.19 0.1041 1.0834 

3 SARIMA 0.2420 0.1781 8.25 -0.0717 0.2317 

3 XGBoost 0.4314 0.3127 15.96 -0.0891 0.4231 

6 Naive 0.6245 0.4505 18.79 0.0523 0.6239 

6 Seasonal naive 1.0857 0.7546 32.19 0.1041 1.0834 

6 SARIMA 0.4229 0.3069 14.07 -0.0753 0.4172 

6 XGBoost 0.7564 0.5323 27.04 -0.1301 0.7470 

12 Naive 1.0857 0.7546 32.19 0.1041 1.0834 

12 Seasonal naive 1.0857 0.7546 32.19 0.1041 1.0834 

12 SARIMA 0.9611 0.7052 34.57 -0.2116 0.9399 

12 XGBoost 1.3040 0.8664 42.80 -0.3331 1.2639 
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Fig. (6). RMSE of naive and seasonal-naive forecasts by horizon. 

 

Fig. (7). MAE of naive and seasonal-naive forecasts by horizon. 
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Fig. (8). SARIMA and benchmark RMSE by forecast horizon. 

 

Fig. (9). SARIMA and benchmark MAE by forecast horizon. 
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Fig. (10) validates the ranking in terms of RMSE at each 
horizon for all four models: SARIMA is the best model while 
the naive model is the worst model at each horizon. If the lower 
error of SARIMA is not a better model than its counterparts 
except the lower SARIMA, then the error value of it at 12-
months can not be said to be statistically significant due to the 
comparison result of SARIMA vs. SARIMA-XGBoost DM-
HLN has p = 0.0673. Here, the seasonal-naive benchmark does 
not fare well for shorter lead time, as is characteristic of this 
series (limited SVS). 

SARIMA provides a better fit to the observed path of Sticky 
CPI and has smoother forecasts over the assessment range. 
Both are weak during the post-2020 inflation spike. While 
XGBoost slightly underpredicts the growth rate in acceleration 
and then goes over the maximum, SARIMA has a more gradual 
adjustment, and stays fairly close to observed inflation (Fig. 
11). 

4.3. Formal Predictive-Accuracy Comparisons 

SARIMA significantly outperforms XGBoost with respect 
to its squared-error loss, after adjustments for the 1 month, the 
3 month, and the 6 month horizons over all 12 tests (p < 0.001, 
p = 0.0025 and p = 0.0241, respectively). On average, there is 
a smaller descriptive loss for SARIMA at 12 months, but this 
does not show up as a statistically significant difference (DM-
HLN = -1.840, p = 0.0673). The previous finding of a 
statistically significant advantage for XGBoost over 12-months 
(Table 10) is not replicated. Raw p-value at 1 month is 0.0137, 
3 months is 0.0108 and 6 months is 0.0102 but after an Holm 
all-test correction, the values for 1 month and 3 months remain 
significant, that for 6 months becomes 0.0625 and that for 12 
months is not. After 1 month, XGBoost is much worse than 
naive, but after correcting all of the others are not significantly 
different from naive. This means that H1 is not supported as it 
does not have a model produced line with the lowest error. 

4.4. Predefined Pre-2020 and Post-2020 Periods 

The errors observed in the 12 month period after January 
2020 are significantly higher in all the models. Pre-2020, the 
naive model has the lowest descriptive RMSE (0.6117), 
followed by SARIMA (0.6846) and XGBoost (0.8486). The 
95% moving-block bootstrap intervals for the difference 
between the SARIMA-XGBoost pre-2020 and the base period 
include 0: (-0.3902, 0.0887). Post-2020, SARIMA records 
RMSE 1.4471, compared with 2.0546 for XGBoost and 1.8021 
for naive. SARIMA-XGBoost RMSE difference is -0.6075 and 
the 95% bootstrap interval is (-1.0879, -0.0943) indicating that 
the difference is not zero, thereby providing support for lower 
RMSE values for SARIMA in the prediction period after 2020 
(Tables 11 and 12). It is a fixed time comparison that is not a 
structural break endogenously detected. 

Unlike SARIMA, descriptively, before 2020 the RMSE of 
XGBoost is within the range of RMSEs drawn from boostrap 
interval when estimating the difference of their RMSEs. Both 
models suffer from much larger errors after 2020; the paired 
bootstrap interval over the difference excludes zero and 
SARIMA has the lower RMSE. In Fig. (12), therefore, the 
difficulty in forecasting is shown for particular periods but does 
not suggest the existence of a breakpoint in January 2020. 

The 24-month rolling comparison shows that 12-month 
forecast errors rise sharply during the post-2020 episode for 
both methods. SARIMA's rolling RMSE is lower than 
XGBoost's over much of the displayed evaluation period, but 
the figure is descriptive and should not be interpreted as a 
formal test of a structural change or of time-varying statistical 
significance (Fig. 13). 

The cumulative squared-error difference is predominantly 
negative and declines sharply after 2022. Because the plotted 
quantity is SARIMA loss minus XGBoost loss, negative values 
indicate lower cumulative squared-error loss for SARIMA. The 
recent decline therefore shows that the cumulative descriptive 
loss gap moved further in SARIMA's favour during the later 
inflation and disinflation episode (Fig. 14). 

The distributions of forecast errors in- and out-of-sample 
are non-normal (heavy-tail behaviour) as evidenced by both 
QQ plots, especially in the tails. XGBoost has bigger extreme 
deviation in both extremes compared with SARIMA. The 
diagnostics suggest increased miss risk of large inflation 
movements and the need to use caution when using normality-
based approximation to forecast-error inference (Fig. 15). 

Rolling bias is highly time varying. In some previous 
periods of the evaluation, both models overpredict, but they 
approach zero around 2020, and then underpredict in the 
inflation acceleration period 2022-2023. XGBoost attains the 
higher positive-bias peak and SARIMA settles in slowly. 
Future predictions of the variables by XGBoost are 
increasingly biased towards overprediction, while SARIMA is 
slightly underpredictive by 2024 (Fig. 16). 

The rolling squared-loss difference is typically negative, 
suggesting that the squared-error loss of SARIMA is lower for 
much of the length of the window shown. There is a small 
positive interval between 2017 and 2022, suggesting that 
XGBoost shows a temporary descriptive improvement, but 
then the difference moves to a high negative interval. The 
relative change in loss over time is therefore useful to find in 
Fig. (17), but should not be used to replace the horizon specific 
DM-HLN inference presented in Table 10. 

4.5. Prediction-Interval Performance 

Both interval systems are conservative systems. SARIMA 
80% coverage ranges from 95.0% to 97.5%, and its 95% 
coverage ranges from 99.0% to 100.0%. The coverage of 
XGBoost is 80% at 88.0% to 96.5%, while all 95% empirical 
intervals cover 100% of targets. The high coverage is partly 
obtained by not calibrating the nominal values exactly (Table 
13) but by using intervals. For XGBoost, these results are only 
for validation-calibrated empirical intervals, and should not be 
interpreted as finite-sample conformal guarantees. 

This assessment shows that the SARIMA intervals are 
always more precise. At 12 months, its mean width is 80% and 
the interval mean scores are 4.2551 and 4.5439 respectively for 
XGBoost and its model. At the 95% level, mean widths are 
6.5076 and 12.0512, respectively. The validation-calibrated 
empirical XGBoost intervals are especially conservative at 
long horizons due to the heterogeneous time periods in which 
the data has been validated and limited number of calibration 
errors. 
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Fig. (10). RMSE comparison across naive, seasonal-naive, SARIMA and XGBoost forecasts. 

 

Fig. (11). Observed sticky CPI with 12-month SARIMA and direct XGBoost forecasts. 
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Table 10. HLN-corrected diebold-mariano tests. 

h Comparison Mean loss diff. DM-HLN Raw p Holm: family Holm: all 12 Lower loss 

1 sarima vs xgboost -0.0301 -5.925 1.353e-08 5.412e-08 1.624e-07 Sarima 

1 sarima vs naive -0.0134 -4.542 9.649e-06 3.859e-05 0.0001061 Sarima 

1 xgboost vs naive 0.0167 3.746 0.000235 0.00094 0.00235 Naive 

3 sarima vs xgboost -0.1275 -3.698 0.000281 0.0008429 0.002529 Sarima 

3 sarima vs naive -0.0713 -2.736 0.006784 0.02035 0.04749 Sarima 

3 xgboost vs naive 0.0562 1.794 0.07428 0.2228 0.3363 Naive 

6 sarima vs xgboost -0.3933 -3.004 0.003009 0.006017 0.02407 Sarima 

6 sarima vs naive -0.2111 -2.586 0.01042 0.02084 0.06252 Sarima 

6 xgboost vs naive 0.1822 1.519 0.1304 0.2228 0.3363 Naive 

12 sarima vs xgboost -0.7767 -1.840 0.06727 0.06727 0.3363 Sarima 

12 sarima vs naive -0.2550 -1.108 0.2692 0.2692 0.3363 Sarima 

12 xgboost vs naive 0.5217 1.697 0.09128 0.2228 0.3363 Naive 

Table 11. Twelve-month accuracy by predefined target period. 

Period Model n RMSE MAE MAPE (%) Bias 

Pre-2020 Naive 144 0.6117 0.4716 30.16 -0.0195 

Pre-2020 Sarima 144 0.6846 0.5106 34.79 -0.4201 

Pre-2020 Xgboost 144 0.8486 0.5724 44.54 -0.4977 

Post-2020 Naive 56 1.8021 1.4823 37.40 0.4218 

Post-2020 Sarima 56 1.4471 1.2054 34.00 0.3246 

Post-2020 Xgboost 56 2.0546 1.6225 38.32 0.0900 

 

Fig. (12). Twelve-month SARIMA and XGBoost RMSE in the predefined pre-2020 and post-2020 periods. 
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Fig. (13). Twenty-four-month rolling RMSE for 12-month SARIMA and XGBoost forecasts. 

 

Fig. (14). Cumulative squared-error difference between SARIMA and XGBoost at the 12-month horizon. Positive values favour 
XGBoost; negative values favour SARIMA. 
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Fig. (15). Quantile-quantile plots of 12-month out-of-sample forecast errors. 

 

Fig. (16). Twenty-four-month rolling bias of 12-month SARIMA and XGBoost forecasts. 

Table 12. Moving-block bootstrap RMSE intervals. 

Period Quantity Estimate 95% lower 95% upper 

Post-2020 sarima rmse 1.4471 1.0264 2.0849 

Post-2020 xgboost rmse 2.0546 1.3380 2.8425 

Post-2020 rmse difference sarima minus xgboost -0.6075 -1.0879 -0.0943 

Pre-2020 sarima rmse 0.6846 0.4212 0.9705 

Pre-2020 xgboost rmse 0.8486 0.4151 1.2422 

Pre-2020 rmse difference sarima minus xgboost -0.1640 -0.3902 0.0887 
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Fig. (17). Thirty-six-month rolling mean squared-loss differential. Negative values favour SARIMA. 

Table 13. Prediction-interval coverage, width and score. 

h Model Nominal Coverage Mean Width Mean Interval Score 

1 Sarima 80% 97.5% 0.4435 0.4687 

1 Sarima 95% 99.0% 0.6783 0.7011 

1 Xgboost 80% 90.0% 0.6904 0.8185 

1 Xgboost 95% 100.0% 1.7072 1.7072 

3 Sarima 80% 95.5% 1.1336 1.2053 

3 Sarima 95% 99.0% 1.7337 1.7677 

3 Xgboost 80% 88.0% 1.4349 1.7217 

3 Xgboost 95% 100.0% 3.6484 3.6484 

6 Sarima 80% 95.0% 2.1036 2.1795 

6 Sarima 95% 100.0% 3.2171 3.2171 

6 Xgboost 80% 91.0% 3.0218 3.2738 

6 Xgboost 95% 100.0% 6.2100 6.2100 

12 Sarima 80% 95.0% 4.2551 4.5439 

12 Sarima 95% 99.5% 6.5076 6.5644 

12 Xgboost 80% 96.5% 6.9568 7.0975 

12 Xgboost 95% 100.0% 12.0512 12.0512 
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The 12-months time periods include most of the observed 

targets, but are conservative. The width of the bands of 

SARIMA is smaller in the period plotted and the path of 

inflation within the bands is closer. The validation-calibrated 

empirical intervals of XGBoost are wider, especially after 

2022, which means that the sharpness of XGBoost is lower at 

the long horizon; XGBoost would not be using formal finite-

sample conformal intervals (Fig. 18). 

4.6. Feature-Group Ablation and Importance 

The three months of ablation results do not justify any 

benefits on nonlinear feature interaction or rolling variance for 

12 months. The best RMSE value is for the full XGBoost model 

(1.3040). The RMSE is reduced slightly by adding rolling to 

lags (1.2205 to 1.2068) but increased by adding rolling 

variances to lags (1.2663). The descriptive results show that the 

achieved performance of the full feature-set of the ridge 

regression is the smallest of 0.9980 that surpassed the 

performance of all the XGBoost variants as well as the 

SARIMA method with 0.9611 (Table 14). Within the full 

XGBoost fit, lag 2, lag 1 and the three-month rolling mean have 

the largest gain-based importances. These importances are 

predictive diagnostics, not causal effects. The stronger ridge 

result suggests that the feature set contains useful predictive 

information, but nonlinear tree partitioning does not exploit it 

effectively in this sample. 

Fig. (19) shows that ridge regression with the full feature 
set has the lowest 12-month RMSE among the ablation 
specifications. Among the XGBoost variants, lags plus rolling 
means gives the lowest RMSE (1.2068), followed by lags only 
(1.2205), lags plus variances (1.2663) and the full specification 
(1.3040). These are descriptive accuracy differences; no 
separate inferential test establishes significant differences 
among the ablation variants. 

4.7. Forecast Combinations 

Both the equal-weight and rolling performance-weighted 
combinations have lower error than XGBoost, but neither has 
lower RMSE than SARIMA at any horizon. At 12 months, for 
example, equal-weight and performance-weighted RMSE 
values are 1.0915 and 1.0741, respectively, compared with 
0.9611 for SARIMA. Forecast combinations may still be useful 
for robustness and disagreement monitoring, but their value 
should be established out of sample rather than assumed (Table 
15). 

The lowest RMSE is recorded for SARIMA for all the 
horizons (Fig. 20). The performance-weighted combination of 
the forecasts has a much smaller descriptive RMSE than the 
equal-weight combination of the forecasts, as well as much 
smaller descriptive RMSE than XGBoost, in both cases. These 
do not outperform SARIMA, however, suggesting that it is not 
possible to get an error reduction by introducing the weaker 
XGBoost forecasting error. 

 

Fig. (18). Observed sticky CPI with 80% and 95% 12-month prediction intervals, 2018-2024. 
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Fig. (19). Twelve-month RMSE of XGBoost feature-group ablations and the ridge benchmark. 

 

Fig. (20). RMSE of individual and combined forecasts by horizon. 
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Table 14. Twelve-month feature-ablation results. 

Specification RMSE MAE MAPE (%) Bias 

Ridge: full features 0.9980 0.7416 35.55 -0.2565 

XGBoost: lags + means 1.2068 0.8106 40.62 -0.2878 

XGBoost: lags only 1.2205 0.8136 40.90 -0.3106 

XGBoost: lags + variances 1.2663 0.8451 42.33 -0.3521 

XGBoost: full features 1.3040 0.8664 42.80 -0.3331 

Table 15. Individual and combined forecast accuracy. 

h Method RMSE MAE MAPE (%) 

1 Sarima 0.0869 0.0624 2.82 

1 Xgboost 0.1940 0.1360 7.44 

1 Equal Weight 0.1248 0.0897 4.70 

1 Performance Weighted 0.0997 0.0732 3.51 

3 Sarima 0.2420 0.1781 8.25 

3 Xgboost 0.4314 0.3127 15.96 

3 Equal Weight 0.2955 0.2149 10.81 

3 Performance Weighted 0.2668 0.1968 9.57 

6 Sarima 0.4229 0.3069 14.07 

6 Xgboost 0.7564 0.5323 27.04 

6 Equal Weight 0.5447 0.3796 18.81 

6 Performance Weighted 0.5003 0.3487 16.94 

12 Sarima 0.9611 0.7052 34.57 

12 Xgboost 1.3040 0.8664 42.80 

12 Equal Weight 1.0915 0.7630 37.83 

12 Performance Weighted 1.0741 0.7530 37.44 

5. DISCUSSION 

This study offers a more controlled and reproducible 

comparison of SARIMA with XGBoost for forecasting the 

Sticky Price Consumer Price Index Less Food and Energy 

(CPI-LFE) for the United States. Having standardized target 

dates, by fitting models into the analysis and the testing, which 

were separated, eliminated the choice of pre-evaluation model 

and the inference of the forecast accuracy, SARIMA is the 

model with the lowest RMSE and MAE over the four forecast 

horizons. Its RMSE values are 0.0869, 0.2420, 0.4229 and 

0.9611 at 1, 3, 6 and 12 months, compared with 0.1940, 0.4314, 

0.7564 and 1.3040 for XGBoost. More importantly, these 

results are based on comparing a full forecasting system that 

forecasts the SARIMA specification recursively, to a set of 

direct models, with each model being trained separately at each 

time horizon using XGBoost. These are not meant to be thought 

of in terms of a pure algorithm-family comparison where the 

multi-step forecasting strategy is the same. 

The strongest inferential evidence for SARIMA occurs at 

the shorter horizons. The corrected DM-HLN tests show 

significantly lower SARIMA squared-error loss than XGBoost 

at 1, 3 and 6 months after the all-test Holm adjustment. This 

pattern is consistent with the strong persistence of Sticky CPI 

and with prior evidence that parsimonious autoregressive 

models can be difficult to beat when recent inflation contains 

substantial predictive information [3, 31]. The ACF declines 

slowly and the PACF has a strong first-lag response, indicating 

that recent Sticky CPI is closely related to near-term values. 
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SARIMA represents this dependence parsimoniously, whereas 

XGBoost must estimate multiple threshold-based relationships 

from a comparatively modest univariate macroeconomic 

sample. 

The inferential evidence is less strong, but at 12 months, 
SARIMA also has the minimum point-forecast error. The two-
tailed p-value of the SARIMA-XGBoost DM-HLN statistic is 
0.0673 and the statistic is -1.840. Thus, the 12 month upward 
or downward deviation from the est line must be described as 
"descriptive" error of a lower or higher SARIMA, not as 
"statistical" 5% level error. The hypothesized horizon-specific 
ranking reversal is therefore not replicated: There is a 
prominent decrease in forecast accuracy at increased horizons, 
but descriptively lower error model does not switch. 

As with the feature-ablation analysis, there is no evidence 
that nonlinear lag interactions or rolling variances offer better 
medium-term forecasting abilities. The lags plus rolling 
combination improves the RMSE from 1.2205 at 12 months to 
1.2068, while rolling variances brings RMSE up to 1.2663, and 
the full specification of SMOOTH_XGBOOST has the highest 
RMSE among the three options of 1.3040 at 12 months. Using 
the full feature set for the same ridge regression obtains RMSE 
value 0.9980 which is smaller than all the variants of XGBoost 
and is close to SARIMA's RMSE 0.9611. In this example the 
feature set therefore provides useful information for prediction, 
but in this case this is better represented in the linear relations, 
regularised by L1, than in the nonlinear partitions of the trees. 

The pre-2020/post-2020 comparison is pre-defined and 
shows that it is not the case that the latter inflation episode is 
more extreme than the pre-2020 one, but merely that it is more 
difficult to predict for all models. Naive model (before 2020) 
has the lowest RMSE for describing the time series, followed 
by SARIMA and XGBoost, and includes the zero in the 
bootstrap wide-confidence interval (WC-I) of the difference 
between the log RMSE of SARIMA and XGBoost. Post-2020, 
SARIMA records RMSE 1.4471 compared with 1.8021 for 
naive and 2.0546 for XGBoost. Paired moving-block bootstrap 
confidence interval is (-1.0879, -0.0943) and the difference is 
in favor of SARIMA and equals -0.6075. SARIMA and 
XGBoost both have a tendency to underpredict inflation after 
2020, but also underpredict it from 2016 until the 2019 period, 
indicating that some amount of “lagged sticky CPI” is 
insufficient to successfully predict inflation gains. 

The prediction-interval results reinforce the necessity of 
rather careful interpretation of the uncertainty associated with 
their predictions. For both systems, conservative intervals are 
found, and intervals based on SARIMA model are found to be 
narrower intervals with the lower mean interval score. The 
mean width at 12 months is 4.2551, and the mean interval score 
is 4.5439 for SARIMA and 6.9568, 7.0975 for XGBoost. In 
XGBoost, they are simply intervals that are informed by data 
for validation purposes, not formal finite-sample conformal 
intervals and are notably wider than usual with long time 
horizons. The coverage is thus to be understood in combination 
with width and interval score [23, 24]. 

Even though the error rate of the forecast combinations is 
smaller than that of XGBoost, there is no improvement in this 

sample. Similar equal-weight and rolling performance-
weighted combinations achieve RMSE equal to 1.0915 and 
1.0741 at 12 months respectively, and 0.9611 for SARIMA. 
Combination forecasts could still be valuable in the role of 
robustness checks and disagreement signals, but this should be 
done by using only prior out-of-sample information to evaluate 
the weights and forecast performance of the components [25]. 

In a “forecasting-practice” perspective, the results do not 
favour an automatic model switching based on the horizon. 
SARIMA is the best in-sample univariate point-forecast model; 
the other models could be kept as a complementary diagnosis. 
However, when there are significant discrepancies between the 
models, it could be an indicator of varying data conditions and 
can encourage scenario analysis instead of automatic changes 
of models [26, 27]. To monitor the average point error, a rolling 
bias, width of the intervals, interval score, and interval score 
dispersion should also be used. 

LIMITATIONS 

The study is univariate, and the data that is being analysed 
is current vintage FRED data, not archived real-time vintages, 
thus the exercise is pseudo-out-of-sample not real out-of-
sample. Second, SARIMA is recursive, while XGBoost is 
direct: The comparison is therefore for whole forecasting 
systems rather than algorithm family alone. Third, the lowest 
AIC SARIMA model still has statistically significant residual 
autocorrelation. This does not invalidate the out-of-sample 
ranking evidence as before because the comparative inference 
is based on common-target forecast errors with HAC adjusted, 
but it shows that the model is imperfectly adequate and should 
not be taken as a reason to be cautious when interpreting the 
intervals of SARIMA's model. Fourth, the January 2020 split is 
predefined and is not an estimated breakpoint. Fifth, XGBoost 
intervals are validation-calibrated empirical intervals and 
remain conservative. Finally, the findings concern one U.S. 
inflation series and should not be generalised to multivariate 
macroeconomic forecasting settings, where XGBoost may 
have access to substantially richer predictive information and 
model rankings may differ. Future research should focus on 
real-time vintages, extended macroeconomic predictions, 
alternative measures of inflation, more comprehensive 
statistical specifications, and formally estimated periods and 
adapted probability forecasting techniques. 

CONCLUSION 

This study provides a leakage-controlled, multi-horizon 
comparison of SARIMA and XGBoost for forecasting the U.S. 
Sticky Price Consumer Price Index Less Food and Energy. The 
present-to-vintage data has 680 observations that are monthly 
data, from January 1968 until August 2024. The model 
development is limited to January 1968-December 2007 and 
the pseudo out-of-sample evaluation takes place at the same 
200 target months for each horizon from January 2008 – 
August 2024, with only model tuning using SARIMA order 
being performed between these months. Only the model 
development covers the months of January 1968-December 
2007, and only the tuning of XGBoost results applies to the 
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same 200 target months at each horizon, 1-24, from January 
2008 till August 2024. 

Reproducing results do not agree with the initial proposed 
12-month XGBoost benefit. The RMSE and MAE values of 
SARIMA are minimum over 1, 3, 6 and 12 months. At 1, 3 and 
6 months after the Holm-adjustment all-test corrected DM-
HLN, SARIMA performs better than XGBoost. For descriptive 
error, SARIMA has lower error, however the difference is not 
statistically significant at 5% (DM-HLN -1.840, p = 0.0673). It 
is therefore not confirmed that the hypothesised horizon-
specific ranking reversal is true. 

The 'post 2020' analysis displayed above is a pre-defined by 
the models, and becomes more challenging in the final inflation 
episode. Both SARIMA and XGBoost have smaller 12-month 
RMSE during this time, and there is no evidence of a formally 
detected structural break in this period in the paired moving-
block bootstrap interval for the RMSE difference. When it 
comes to nonlinear lag interaction and rolling variance, feature 
ablation does not show any benefit from those features when 
directly tested against the complete set of predictors and, 
remarkably, the best-performing model is still a ridge 
regression using the same set of basis features as XGBoost. 

SARIMA also yields tighter model-based prediction 
intervals that have lower interval scores, and XGBoost's wider 
intervals are conformal intervals with some form of empirical 
calibration as opposed to intervals that are finite sample 
guarantees. The combinations of forecasts further reduce the 
error of XGBoost, but not beyond the error of SARIMA. Note 
that SARIMA provides the best univariate benchmark for 
Sticky CPI in this assessment, and naive and combined 
forecasts are still useful in addition to the model-disagreement 
diagnostics for model robustness. Results cannot be 
extrapolated to the context of data-rich multivariate 
macroeconomic forecasting where machine learning models 
may make use of far more predictive information. Other factors 
such as real-time vintages, broader sets of macroeconomic 
variables, alternate measures of inflation, formally estimated 
break dates, and adaptive, probabilistic forecasting techniques 
should be measured in the future. 

LIST OF ABBREVIATIONS 

CPI-LFE = Consumer Price Index Less Food and Energy 

XGBoost = Extreme Gradient Boosting 

SARIMA = Seasonal Autoregressive Integrated Moving Average 

Sticky CPI = Sticky Price Consumer Price Index 
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