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Explainable Models 
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Pamukkale University, Denizli, Turkey; hyesilyayla@pau.edu.tr; Tel.: +905324323182 

Highlights 

What are the main findings? 

1. Mixed-frequency machine learning improves nowcasting accuracy for the energy-related CPI 

component in the common sample. 

2. Forecast gains are concentrated in headline inflation and EPİAŞ signals, while Brent remains a 

secondary cost channel. 

What are the implications of the main findings? 

3. Mixed-frequency nowcasting provides a usable framework for short-run inflation monitoring in 

Turkey. 

4. Combining forecast evaluation with Elastic Net and SHAP interpretation improves the policy 

relevance of machine-learning forecasts. 

Abstract 

This study examines whether the monthly inflation rate of the energy-related consumer price index 

component in Turkey can be nowcast more accurately with mixed-frequency indicators. An 

expanding-window pseudo-out-of-sample design is used to compare a seasonal naive benchmark 

with Elastic Net, XGBoost, and LightGBM. The predictor set combines monthly macroeconomic 

indicators with features derived from daily Brent oil prices, daily USD/TRY exchange rates, and 

hourly EPİAŞ day-ahead electricity market data for 2012–2025. Forecast performance is evaluated 

with root mean squared error, mean absolute error, and symmetric mean absolute percentage error, 

while core-sample forecast differentials are assessed with the Diebold–Mariano test. All machine-

learning models outperform the benchmark, and the lowest forecast errors are obtained from the core 

XGBoost specification. Explainability results from standardized Elastic Net coefficients and SHAP 

decompositions show that headline inflation and EPİAŞ variables provide the largest share of 

predictive content, Brent forms a secondary cost channel, inflation expectations are supportive, and 

exchange-rate variables do not emerge as an independently dominant block. The results support 

mixed-frequency machine learning as a useful framework for short-run monitoring of energy-related 

inflation in Turkey. 

Keywords: inflation nowcasting; mixed-frequency forecasting; machine learning; XGBoost; 

LightGBM; Elastic Net; explainable forecasting; SHAP; energy-related CPI 

 

1. Introduction 

Timely inflation assessment matters for monetary policy, fiscal planning, and short-run 

macroeconomic surveillance. This need becomes more acute when the target series is released at a 

monthly frequency, while financial markets, commodity prices, and electricity markets generate 
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information on a daily or hourly basis. In such settings, forecast accuracy depends not only on the 

model class, but also on how higher-frequency signals are aligned with the lower-frequency target. 

This paper focuses on the nowcasting of an energy-related consumer price index component in 

Turkey. The target series is the monthly inflation rate of the CPI subgroup Housing, Water, 

Electricity, Gas and Other Fuels. Compared with headline inflation, this component is more directly 

exposed to imported energy costs, regulated price adjustments, and domestic electricity market 

conditions. For that reason, it provides a suitable setting for examining whether mixed-frequency 

indicators improve short-run inflation tracking. 

The empirical design combines monthly macroeconomic controls with indicators derived from 

daily Brent oil prices, daily USD/TRY exchange rates, and hourly EPİAŞ day-ahead market data. The 

resulting dataset makes it possible to study whether short-run inflation forecasts benefit from 

information that is observed well before the monthly CPI release. This question is closely related to 

the broader literature on inflation forecasting in data-rich environments, mixed-frequency 

nowcasting, and explainable machine learning [1–4]. 

The contribution of the paper is twofold. First, it develops a mixed-frequency nowcasting 

framework for an energy-related inflation component in Turkey and compares seasonal naive, Elastic 

Net, XGBoost, and LightGBM specifications in an expanding-window pseudo-out-of-sample design. 

Second, it does not stop at forecast ranking. It combines standardized Elastic Net coefficients with 

SHAP-based decompositions for tree-based models in order to identify which variable families carry 

the predictive content of the nowcasting equation. This design makes it possible to distinguish 

between forecast performance and the underlying information structure. 

The results point to a consistent forecasting pattern. All machine learning models improve on 

the seasonal naive benchmark, and the lowest forecast errors are obtained from the core XGBoost 

specification. The explainability evidence shows that headline inflation and EPİAŞ variables account 

for the largest share of predictive information, Brent indicators act as a secondary but persistent cost 

channel, inflation expectations play a supportive role, and exchange-rate variables do not emerge as 

an independently dominant block. These findings suggest that short-run monitoring of energy-

related inflation in Turkey benefits from a mixed-frequency machine learning framework in which 

electricity market signals are treated as part of the forecasting information set. 

The remainder of the paper is organized as follows. Section 2 reviews the related literature. 

Section 3 describes the data, feature construction, and forecasting design. Section 4 presents the 

forecasting models, evaluation metrics, and explainability framework. Section 5 reports the empirical 

results. Section 6 discusses the findings, and Section 7 concludes. 

2. Related Literature 

2.1. Inflation Forecasting with Machine Learning 

Recent work on inflation forecasting shows that machine learning models can improve forecast 

accuracy when the predictor set is large and highly correlated. Medeiros et al. [2] report that, in data-

rich settings, machine learning methods can outperform standard benchmark models. For Turkey, 

Özgür and Akkoç [5] show that shrinkage-based specifications such as lasso and Elastic Net are 

especially useful when variable selection is part of the forecasting problem. 

The literature has also moved beyond forecast accuracy alone. Aras and Lisboa [3] combine tree-

based forecasting with SHAP-based interpretation and show that explainability can be built into 

inflation forecasting without separating interpretation from prediction. Naghi et al. [6] add an 

important caution: model rankings vary across countries and periods, so forecast evaluation should 

remain sample-specific rather than tied to a single preferred algorithm. 

2.2. Mixed-Frequency Nowcasting and High-Frequency Indicators 

A second strand of the literature studies nowcasting designs that combine low-frequency target 

variables with high-frequency information. Modugno [1] shows that monthly inflation can be tracked 
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more effectively when weekly and daily indicators are incorporated into the information set. Borup 

et al. [4] extend this logic to machine learning and demonstrate that mixed-frequency forecasting can 

deliver measurable out-of-sample gains when higher-frequency indicators are informative. 

Related evidence comes from real-time and density-based applications. Knotek and Zaman [7] 

show that mixed-frequency model combinations improve real-time inflation nowcasts, while Bolivar 

[8] proposes a two-step machine learning strategy in which daily and weekly indicators are used to 

improve monthly inflation forecasts. Together, these studies justify a forecasting design in which 

frequency alignment is treated as a core modelling step rather than a purely technical pre-processing 

choice. 

2.3. Energy-Related Price Signals and Disaggregated Inflation Forecasting 

A third line of research is directly related to the target series used in this paper. Özmen and 

Özşahin [9] and Çelik and Danışoğlu [10] document the importance of energy prices and exchange-

rate dynamics for inflation in Turkey. At the same time, Joseph et al. [11] show that forecasting at the 

level of CPI components can add useful information that is diluted in headline measures. For 

electricity-market signals, Arifoğlu and Kandemir [12] provide evidence that EPİAŞ-related price 

series are forecastable with nonlinear models, while Heistrene et al. [13] show that explainable 

forecasting tools can identify which electricity-price features carry the greatest predictive content. 

Taken together, the literature leaves a specific gap. Studies on Turkey mostly focus either on 

headline inflation or on pass-through and causality questions, whereas mixed-frequency forecasting 

studies rarely examine an energy-related CPI component with electricity-market indicators 

embedded in the same forecasting equation. This paper addresses that gap by combining monthly, 

daily, and hourly information in a unified nowcasting design and by evaluating not only forecast 

accuracy but also the source of predictive information across variable families. 

A detailed row-by-row literature table is reported in Supplementary Table S1. To keep the main 

text concise, Table 1 presents a compressed summary of the literature clusters most closely related to 

the present forecasting problem. 

Table 1. Condensed Summary of the Related Literature. 

Cluster Representative 

studies 

Data and frequency 

focus 

Relevance to this 

paper 

Machine learning and 

explainable inflation 

forecasting 

[2,3,5,6] Monthly inflation, 

data-rich panels, 

shrinkage methods, 

and explainable 

machine learning 

Provides the 

methodological 

foundation for the 

forecasting 

architecture and the 

explainability layer. 

Mixed-frequency 

nowcasting 

[1,4,7,8] Daily or weekly 

predictors combined 

with monthly or 

weekly target 

variables 

Motivates the 

alignment of daily 

Brent and exchange-

rate indicators and 

hourly EPİAŞ signals 

with a monthly target. 

Disaggregated 

inflation forecasting 

[11] CPI components and 

component-level 

forecasting 

Supports the decision 

to model an energy-

related CPI 

component rather 

than headline 

inflation alone. 
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Energy-related price 

signals and electricity-

market evidence 

[9,10,12,13] Energy prices, 

exchange rates, and 

electricity-market 

indicators 

Supports the use of 

energy-cost and 

electricity-market 

variables in the 

nowcasting equation. 

Note. The detailed row-based literature table is provided in Supplementary Table S1. The summary table in 

the main text groups the literature by forecasting problem, data structure, and relevance to the present study. 

3. Data and Forecasting Design 

3.1. Target Variable and Information Set 

The forecasting target is the monthly inflation rate of the energy-related Consumer Price Index 

(CPI) component Housing, Water, Electricity, Gas and Other Fuels in Turkey. This component is more 

directly exposed than headline CPI to imported energy costs, regulated price adjustments, and 

domestic electricity-market conditions. For that reason, it provides a suitable setting for evaluating 

whether mixed-frequency indicators improve short-run inflation nowcasts. 

The monthly information set contains headline monthly inflation, lags of the target series, the 

policy rate, and, in the extended specification, 12-month-ahead inflation expectations. These variables 

capture general pricing conditions, inflation persistence, and the monetary policy and expectations 

channels that may shape short-run movements in the energy-related CPI component. 

Higher-frequency predictors are drawn from daily Brent oil prices, daily USD/TRY exchange 

rates, and hourly EPİAŞ day-ahead electricity-market data. From Brent and the exchange rate series, 

the feature set includes monthly mean, end-of-month, and dispersion measures, together with 

Turkish-lira-denominated oil indicators. From EPİAŞ, the feature set includes monthly average price, 

intra-month volatility, peak-hour and off-peak-hour averages, and the peak-off-peak gap. 

The resulting information set is organized so that each variable block retains an economic 

interpretation. Headline inflation and target lags proxy for pricing inertia, Brent and exchange-rate 

indicators capture imported cost pressures, and EPİAŞ variables reflect domestic electricity-market 

conditions. Inflation expectations are kept only in the extended sample so that their incremental 

forecasting role can be evaluated directly. 

3.2. Frequency Alignment and Feature Construction 

All variables are aligned to a monthly forecasting panel indexed at month-end. Monthly series 

enter the panel at their observed frequency. Daily Brent and USD/TRY series are aggregated into 

monthly summary indicators, including monthly means, standard deviations, and end-of-month 

values. Hourly EPİAŞ prices are aggregated into monthly level, dispersion, and load-structure 

measures so that high-frequency market information can be incorporated into the same equation as 

the monthly target. 

Feature construction follows a common lag structure of 1, 2, 3, 6, and 12 months. This structure 

is intended to capture short-run persistence, medium-run adjustment, and annual seasonal 

recurrence within a unified predictor set. Starting months with incomplete lag information are 

removed from the effective estimation sample, while the modelling pipeline retains a median-

imputation step as a safeguard against incidental missing values. 

The raw panel covers January 2012 to December 2025, corresponding to 168 monthly 

observations. After accounting for lag availability and the effective start dates of some series, the core 

sample spans January 2013 to December 2025 and contains 156 observations. The extended sample 

begins in January 2014 and contains 144 observations because the inflation-expectations series starts 

later than the remaining predictors. 

3.3. Pseudo-Out-of-Sample Design 
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Forecast evaluation is based on an expanding-window pseudo-out-of-sample design. At each 

forecast origin, the model is re-estimated using only the information available up to that date and 

then used to produce a one-step-ahead nowcast for the next monthly observation. This procedure 

preserves the time ordering of the data and avoids the leakage problems that can arise when random 

cross-validation is applied to dependent observations [14]. 

The initial estimation window is set to 60 months, which yields 96 pseudo-out-of-sample 

forecasts for the core sample and 84 for the extended sample. The benchmark forecast is the seasonal 

naive specification, which uses the value observed 12 months earlier as the comparison forecast. All 

machine learning models are therefore evaluated against the same seasonal baseline before they are 

compared with one another. 

4. Forecasting Models and Evaluation 

4.1. Seasonal Naive Benchmark 

The seasonal naive model serves as the benchmark forecast. For monthly data, it uses the 

observation from the same month of the previous year as the one-step-ahead forecast. This 

benchmark is deliberately difficult to beat when seasonal persistence is strong, and it provides a 

transparent baseline against which machine learning models can be evaluated. 

𝑦̂𝑡 = 𝑦𝑡−12  (1) 

This specification is retained throughout the empirical analysis so that all gains in forecast 

accuracy are measured relative to the same seasonal reference point. 

4.2. Elastic Net 

Elastic Net combines L1 and L2 penalties in a single regularized regression framework. The 

method is well suited to forecasting environments with many lagged and correlated predictors 

because it performs variable selection and coefficient shrinkage at the same time [15]. In the present 

setting, that property is useful because headline inflation, Brent indicators, exchange-rate measures, 

policy-rate variables, EPİAŞ features, and target lags generate a dense and potentially collinear 

predictor space. 

𝑚𝑖𝑛
𝛽0,𝛽

 
1

2𝑛
∑  

𝑛

𝑖=1

(𝑦𝑖 − 𝛽0 − 𝑥𝑖
⊤𝛽)2 + 𝜆 [

1 − 𝛼

2
‖𝛽‖2

2 + 𝛼‖𝛽‖1]   (2) 

The estimation pipeline uses ElasticNetCV with a time-series cross-validation structure inside 

each training window. The tuning grid spans five alpha values between 0.2 and 1.0 and a logarithmic 

sequence of penalty values. All predictors are standardized before estimation so that coefficient 

magnitudes can later be compared across variables and across variable families. 

4.3. XGBoost 

XGBoost is a regularized gradient-boosting algorithm that builds an additive ensemble of 

decision trees. At each iteration, the model fits a new tree to the remaining forecast error, while a 

complexity penalty discourages overly deep or unstable trees [16]. This structure is attractive in small 

samples because it can capture nonlinear thresholds and interactions without relying on a fully 

unrestricted specification. 

Obj(𝑚) =∑  

𝑛

𝑖=1

𝑙 (𝑦𝑖 , 𝑦̂𝑖
(𝑚−1)

+ 𝑓𝑚(𝑥𝑖)) + Ω(𝑓𝑚)

Ω(𝑓) = 𝛾𝑇 +
𝜆

2
∑  

𝑇

𝑗=1

𝑤𝑗
2

   (3) 
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The core hyperparameters are set to n_estimators = 300, max_depth = 3, learning_rate = 0.05, 

subsample = 0.9, and colsample_bytree = 0.8. This parameterization is intended to balance flexibility 

and regularization in a relatively short pseudo-out-of-sample forecasting exercise. 

4.4. LightGBM 

LightGBM belongs to the same gradient-boosting family as XGBoost, but it uses a different tree-

growing strategy and computational shortcuts such as Gradient-based One-Side Sampling and 

Exclusive Feature Bundling [17]. In this paper, LightGBM plays the role of a second tree-based 

comparator so that the forecasting results do not hinge on a single boosting implementation. 

The LightGBM specification uses n_estimators = 300, num_leaves = 15, learning_rate = 0.05, 

subsample = 0.9, colsample_bytree = 0.8, and reg_lambda = 1.0. The feature set and the expanding-

window evaluation protocol are kept identical to those of XGBoost, so performance differences can 

be attributed to the learning algorithm rather than to the forecasting design. 

4.5. Forecast Evaluation Metrics 

Forecast accuracy is evaluated with root mean squared error (RMSE), mean absolute error 

(MAE), and symmetric mean absolute percentage error (sMAPE). RMSE places greater weight on 

large forecast misses, MAE provides a more robust average loss measure, and sMAPE offers a scale-

free complement to the level-based metrics [18]. 

RMSE = √
1

𝑛
∑  

𝑛

𝑡=1

(𝑦𝑡 − 𝑦̂𝑡)
2   (4) 

MAE =
1

𝑛
∑  

𝑛

𝑡=1

|𝑦𝑡 − 𝑦̂𝑡| (5) 

sMAPE =
100

𝑛
∑  

𝑛

𝑡=1

2|𝑦𝑡 − 𝑦̂𝑡|

|𝑦𝑡| + |𝑦̂𝑡|
   (6) 

Although sMAPE is not fully symmetric in a strict statistical sense [19], it remains useful here as 

a supplementary metric because the target series varies in both sign and magnitude over time. 

4.6. Statistical Comparison of Forecast Accuracy 

To assess whether forecast differences are statistically meaningful, the core models are compared 

with the Diebold–Mariano test. The test evaluates whether the mean difference between two forecast-

loss series is equal to zero [20]. Separate comparisons are reported for absolute-error loss and 

squared-error loss. 

DM =
𝑑̅

√Var(𝑑𝑡)
𝑇

 
(7) 

Here, T denotes the number of forecasts and d ̄ is the sample mean of the loss differential. In the 

empirical section, a negative Diebold-Mariano statistic indicates that the first model listed in the 

comparison delivers a lower average forecast loss than the second model. 

4.7. Explainability Framework 

Explainability is built into the forecasting design rather than treated as a separate post-hoc add-

on. For Elastic Net, interpretation is based on standardized coefficients, selection frequencies, and the 

evolution of variable-family shares over time. This makes it possible to distinguish between variables 

that enter the model frequently and variables that carry large average weights once selected. 
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Share𝑔,𝑡 =
∑  𝑗∈𝑔 |𝛽𝑗,𝑡

std|

∑  𝑘 |𝛽𝑘
std|

 (8) 

For XGBoost and LightGBM, explainability is based on SHAP values, which decompose each 

fitted prediction into a baseline term and variable-level contributions. The analysis is reported at two 

levels: individual predictors and broader variable families, namely headline inflation, EPİAŞ, Brent, 

exchange rate, policy rate, own lags, and inflation expectations. This structure allows the paper to 

compare forecast accuracy and predictive content within the same empirical framework. 

𝑓(𝑥𝑖) = 𝜙0 +∑ 

𝑝

𝑗=1

𝜙𝑖𝑗 (9) 

5. Empirical Results 

5.1. Forecast Accuracy Across Models 

Table 2 reports forecast accuracy for the benchmark and the machine learning models. In the 

core sample, the RMSE ranking is XGBoost (3.191), LightGBM (3.205), Elastic Net (3.614), and 

seasonal naive (4.601). The MAE ranking is identical, with XGBoost again producing the lowest loss 

(1.979), followed by LightGBM (2.088), Elastic Net (2.317), and seasonal naive (2.745). All machine 

learning specifications therefore improve on the benchmark in the common core sample. 

The extended sample yields the same broad result. LightGBM records the lowest RMSE (3.299), 

followed by XGBoost (3.534), Elastic Net (3.702), and seasonal naive (4.861). These gains, however, 

are obtained over a shorter forecast span and under a wider information set that includes inflation 

expectations. For that reason, the model ranking across samples should be read with care. When 

forecast accuracy, sample coverage, and the common explainability design are considered jointly, the 

core XGBoost specification remains the main reference model. 

Table 2. Final model comparison across samples. 

Model Sample 
Start 

date 

End 

date 

Forecast

s 
RMSE MAE sMAPE 

Improve

ment vs. 

naive (%) 

DM result 

Seasonal 

naive 
Core 

2018- 

01-31 

2025- 

12-31 
96 4.601 2.745 89.454 0.000 Reference 

Elastic 

Net 
Core 

2018- 

01-31 

2025- 

12-31 
96 3.614 2.317 70.336 21.461 

No significant 

difference 

XGBoost Core 
2018- 

01-31 

2025- 

12-31 
96 3.191 1.979 70.007 30.653 

Better than 

naive, p=0.037 

LightGBM Core 
2018- 

01-31 

2025- 

12-31 
96 3.205 2.088 76.101 30.339 

No significant 

difference 

Seasonal 

naive 
Extended 

2019- 

01-31 

2025- 

12-31 
84 4.861 2.933 87.493 0.000 Reference 

Elastic 

Net 
Extended 

2019- 

01-31 

2025- 

12-31 
84 3.702 2.459 73.850 23.838 Not tested 

XGBoost Extended 
2019- 

01-31 

2025- 

12-31 
84 3.534 2.176 71.547 27.295 Not tested 

LightGBM Extended 
2019- 

01-31 

2025- 

12-31 
84 3.299 2.111 71.642 32.128 Not tested 

Note. The improvement rate is calculated as the percentage decline in RMSE relative to the seasonal naive 

benchmark. Diebold-Mariano tests are reported only for the core sample. 
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5.2. Diebold-Mariano Comparisons 

Table 3 reports the pairwise Diebold-Mariano comparisons for the core sample. The core 

XGBoost specification outperforms the seasonal naive benchmark under both MAE loss (DM = -2.559, 

p = 0.010) and MSE loss (DM = -2.085, p = 0.037). By contrast, the comparisons among XGBoost, Elastic 

Net, and LightGBM are not statistically significant at conventional levels. The benchmark gap is 

therefore clear, whereas the distance among the advanced models is more limited. 

Table 3. Diebold-Mariano test results for the core sample. 

Model A Model B 
DM statistic 

(MAE loss) 
p-value 

DM statistic 

(MSE loss) 
p-value 

XGBoost Seasonal naive -2.559 0.010 -2.085 0.037 

XGBoost Elastic Net -1.618 0.106 -1.289 0.197 

XGBoost LightGBM -0.809 0.418 -0.089 0.929 

LightGBM Elastic Net -1.144 0.252 -1.304 0.192 

Note. The Diebold-Mariano test is reported only for the core sample. A negative DM statistic indicates that the 

first model listed produces a lower forecast loss than the second model. 

Figure 1 reports the actual monthly energy-related inflation series together with the core 

XGBoost forecasts and the seasonal naive benchmark over the pseudo-out-of-sample evaluation 

period. The XGBoost path tracks the realized series more closely during the high-volatility episodes. 

 

Figure 1. Actual and predicted energy-related monthly inflation under the core XGBoost specification. 

5.3. Elastic Net Selection Patterns and Variable-Family Shares 

Elastic Net evidence points to the same two leading blocks in both samples. The most frequently 

selected regressors are concentrated in headline inflation and EPİAŞ, with headline_mom, 

headline_mom_lag1, and epias_tl_mean appearing persistently across forecast origins. In the 

extended sample, inflation expectations enter the model, but they do not move into a dominant 

position within the leading predictor set. 

Family-level coefficient shares lead to the same conclusion. In the core sample, headline inflation 

and EPİAŞ are each dominant in 48 forecast origins, while in the extended sample EPİAŞ is dominant 

in 44 periods and headline inflation in 40. Brent, own lags, and the policy rate become more visible 

in some subperiods, but they do not sustain comparable dominance. 
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5.4. SHAP-Based Evidence from Tree Models 

The SHAP results point to the same general structure in the core tree models. In XGBoost, 

headline_mom receives the largest mean absolute SHAP value (0.932741), followed by 

epias_tl_mean, headline_mom_lag1, epias_tl_std_lag6, and brent_try_last_lag1. The ordering places 

headline inflation first at the single-variable level, EPİAŞ second, and Brent among the most visible 

secondary contributors. 

The core LightGBM results yield a related pattern. Headline_mom again ranks first (0.887086), 

followed by policy_rate_lag1, epias_tl_std_lag3, brent_usd_last_lag3, and brent_usd_last. EPİAŞ 

volatility and load-structure measures become more visible in LightGBM than in XGBoost, while 

Brent also gains weight. Taken together, the tree models point to the same family-level ordering: 

headline inflation and EPİAŞ carry the largest share of predictive content, Brent remains the clearest 

secondary cost channel, and exchange-rate variables do not enter the top SHAP rankings. 

5.5. Core versus Extended Sample Evidence 

Comparing the core and extended samples yields two points. First, the addition of inflation 

expectations changes the ranking within the extended sample but does not overturn the main 

forecasting result. Extended LightGBM records the lowest RMSE within that shorter sample, yet the 

combined evidence does not displace core XGBoost as the main reference specification. The extended 

design covers fewer forecast origins and introduces a later-starting predictor block, so its gains 

should not be read as a clean improvement over the core setup. 

Second, inflation expectations appear to play a supportive rather than defining role. In the 

extended models, inflation_expectation_12m and its first lag become more visible, especially in 

LightGBM, but they do not emerge as a dominant family in the Elastic Net profiles or in the broader 

ranking of predictive blocks. The exchange-rate family is even weaker as an independent source of 

forecast gains. Exchange-rate variables do not become dominant in the Elastic Net profiles and do 

not enter the leading SHAP ranks, whereas Brent-based indicators retain a clearer and more 

persistent presence. This pattern suggests that exchange-rate effects are absorbed through lira-

denominated oil costs and the broader pricing block rather than operating as a separate leading 

family. 

6. Discussion 

The first point concerns forecast performance relative to the benchmark. Across both samples, 

all machine-learning specifications reduce forecast loss relative to the seasonal naive model, and the 

core XGBoost specification yields the lowest errors within the common sample. This result is 

consistent with evidence that machine-learning methods can improve inflation forecasts in data-rich 

settings, but it also supports the caution in Naghi et al. [6] that model rankings remain sample-

specific. The present evidence therefore supports a limited claim: for this target variable, sample 

period, and pseudo-out-of-sample design, mixed-frequency tree models extract more useful short-

run information than the seasonal benchmark. 

A second point concerns the composition of predictive content. The Elastic Net and SHAP results 

both place headline inflation and EPİAŞ at the center of the forecasting equation. This pattern is 

consistent with two features of the target series. Headline inflation carries general pricing conditions 

and inertia, whereas EPİAŞ variables proxy domestic electricity-market conditions that are close to 

the energy-related CPI component by construction. In that sense, the findings complement studies 

that link electricity-market variables to forecastable price dynamics in Turkey and studies that favor 

component-level inflation modelling over exclusive reliance on headline CPI [11,12]. 

Brent plays a secondary but persistent role. It does not dominate the forecasting system, yet it 

appears repeatedly in the tree-based rankings and remains visible in the family-level summaries. This 

is consistent with the view that global energy costs matter for Turkish inflation, while their effect on 

the present target is filtered through regulated pricing, domestic electricity conditions, and the timing 
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of pass-through [9,21]. The empirical pattern is therefore better described as a stable cost channel than 

as the primary source of short-run forecast variation. 

The weaker position of the exchange-rate family requires careful interpretation. The Turkish 

inflation literature assigns a central role to exchange-rate pass-through, yet the present models do not 

identify exchange-rate variables as an independently dominant family. One plausible explanation is 

collinearity across economically related blocks. Part of the information carried by the exchange rate 

is already embedded in lira-denominated Brent indicators, headline inflation, and other variables 

that absorb broad pricing pressure. Another explanation is that the target series is a specific energy-

related CPI component rather than aggregate inflation, so the exchange-rate channel may reach the 

dependent variable through more indirect routes than in headline inflation equations [10,22,23]. 

Finally, the explainability layer changes the contribution of the paper. A pure forecast 

comparison would show that one specification performs better than the others, but it would leave 

open the question of why. By combining standardized Elastic Net coefficients with SHAP 

decompositions, the analysis traces the predictive content back to interpretable variable families and 

shows how their relative importance changes across forecast origins. This makes the results easier to 

relate to the economic structure of the target series and places the paper closer to the recent literature 

on explainable forecasting rather than to a black-box model comparison alone [3,24]. 

7. Conclusions 

This paper examines whether an energy-related CPI component in Turkey can be nowcast more 

accurately with mixed-frequency indicators. Within the present design, the answer is positive. All 

machine-learning models outperform the seasonal naive benchmark, and the core XGBoost 

specification yields the lowest forecast errors in the common sample. The predictive content of the 

nowcasting equation is concentrated in headline inflation and EPİAŞ variables, while Brent forms a 

secondary cost channel. 

The paper also contributes in methodological terms. It combines monthly, daily, and hourly 

information in a single pseudo-out-of-sample framework and links forecast evaluation to an explicit 

explainability design. The combination of Elastic Net coefficient profiles and SHAP-based tree 

interpretation makes it possible to compare models on forecast loss and, at the same time, to identify 

which information blocks drive the forecasts. This is the main value added of the study relative to a 

standard model-ranking exercise. 

The results should be read with the limits of the data and design in mind. The target variable is 

one CPI component, the extended sample is shorter because the expectations series starts later, and 

the feature set does not include regulated tariff adjustments, natural-gas pricing details, or real-time 

data vintages. Future research may extend the framework by adding such variables, by testing 

alternative forecast horizons and tuning schemes, and by examining whether the same explanatory 

structure holds for other CPI components or for headline inflation. 
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paper posted on Preprints.org. Supplementary Table S1: Extended literature summary; Supplementary Table S2. 

Variable construction details - Panel A. Raw series, aggregation rules, and monthly variables - Panel B. Lag 

structure and model-side inclusion; Figure S1: Actual versus core XGBoost predictions (core); Figure S2: Actual 

versus seasonal naive predictions (core); Figure S3: Top 20 mean absolute SHAP values – XGBoost (extended 

sample); Figure S4: Top 20 mean absolute SHAP values – LightGBM (extended sample); Figure S5: Variable-

family coefficient shares over time in Elastic Net (core sample); Figure S6: Variable-family coefficient shares over 

time in Elastic Net (extended sample); Figure S7: Number of dominant periods by variable family in the Elastic 

Net specifications; Figure S8: Top 20 mean absolute SHAP values – XGBoost (core sample); Figure S9: Top 20 

mean absolute SHAP values – LightGBM (core sample). 
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