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Abstract

Macroeconomic forecasting has traditionally relied on regression
and time series methods, which have often struggled to outperform ba-
sic benchmarks. In this study, we explore the use of machine learning
(ML) and deep learning (DL) techniques to forecast key macroeco-
nomic indicators for Australia, specifically focusing on Gross Domestic
Product growth, Consumer Price Index inflation, and the Interbank
Overnight Cash Rate. Using a comprehensive dataset spanning from
1985 to 2023, we incorporate 16 predictors identified from previous
literature. Our findings indicate that ML methods, particularly ensem-
ble approaches such as Random Forest and XGBoost, deliver superior
predictive performance compared to traditional time series models and
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DL methods. Although DL models such as Long Short-Term Mem-
ory (LsT™) and Convolutional Neural Network-LSTM were also tested,
they did not achieve comparable accuracy in this context, highlighting
the effectiveness of density-based ML approaches for macroeconomic

forecasting.
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1 Introduction

Macroeconomic forecasting is essential in macroeconomic policies development
as it provides essential input for forward-looking policy deliberations [7].
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However, macroeconomic data is often characterised by low serial correlation,
high volatility, or structural changes, which make it hard to predict [5].

Forecasting models that have become widely used since the 1960s, such
as econometric models [3, 10], input—output models [17, 28], and dynamic
systems [15], were later shown to have incorrect economic predictions [14].
According to Fildes and Stekler [11], such forecasting models struggle with
precision in critical areas. Notably, they tend to perform poorly in forecasting
economic downturns and peaks, and they are often unable to assess inflation
trends accurately. Diebold [9] explained that the failure of large-scale Keyne-
sian frameworks to account for structural changes in the economy weakened
their forecasting ability, and emphasized that the limitations posed by the
assumption of stable relationships between economic variables often broke
down during periods of rapid economic change. Unstructured methods such
as Vector Autoregressive (VAR) Dynamic Stochastic General Equilibrium
(DSGE), and Autoregressive Moving Average (ARMA) models have been proven
to be more flexible and promising in capturing the dynamic characteristics of
economic systems [9].

By enabling systems to learn from data and generate accurate predictions or
decisions, Machine Learning (ML) models have become popular for economic
forecasting tasks[2, 19, 12]. Giannone et al. [13] demonstrated that ML
techniques, such as Bagging and Boosting, are effective for better predictions
in high-dimensional data. Similarly, Medeiros et al. [20] pointed out that
simple models, such as Phillips curve-based or time series models, often fail
to predict inflation effectively. Moreover, Random Forest (RF) systematically
outperforms benchmark models in experiments [20]. As Deep Learning (DL)
models, based on natural networks, gained momentum in forecasting due to
their ability to capture nonlinear patterns and model long-term dependencies
in complex datasets, they were also put to use in numerous economic and
financial forecasting [24, 27, 30]. Algorithms such as VAR DSGE and ARMA are
based on linear equations, which cannot adapt to real-world economic data
composed of non-linearities and structural breaks. ML and DL models, like
tree-based models or neutral network like Long Short-Term Memory (LSTM),
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can capture complex, non-linear relationships without stringent linearity
assumptions.

For Australian macroeconomic forecasting, Panagiotelis et al. [23] applied
models including the Dynamic Factor Model (DFM), Ridge Regression (RR),
Least Angle Regression (LAR), and Bayesian Vector Autoregression (BVAR),
and compared these to benchmark models such as the Autoregression Model
and Random Walk (Rw). They found that the accuracy of most methods is
only slightly better than or equal to that of simple benchmark models when
predicting Gross Domestic Product (GDP) growth, Consumer Price Index
(cp1) inflation and the Interbank Overnight Cash Rate (IBR). Furthermore,
large-scale datasets with more predictors and advanced models may not
significantly improve prediction performance [23].

Based on the research of Panagiotel et al. [23] we incorporated 16 predictors,
focusing on real GDP growth, CPI inflation, and IBR to demonstrate the
predictive capability of macroeconomic models. We further apply advanced
ML and DL models to evaluate their performance relative to the Rw model
benchmark, aiming to determine whether advanced models outperform tradi-
tional approaches. Additionally, we draw on Yoon’s [29] findings that gradient
boosting models and RF exhibit superior accuracy compared to benchmark
models in forecasting GDP growth . Our objective is to assess whether Yoon’s
conclusions hold true when applied to the Australian dataset.

2 Method

In this study, we evaluated the performance of several forecasting models by
comparing them to a benchmark model (RW) to test the predictive performance
of macroeconomics. We focused on three key macroeconomic indicators: GDP,
CPI, and IBR. The models analyzed include ARIMAX, RF, XGBoost, LSTM, and
Convolutional LsTM Fully Connected Networks (CNN-LSTM). In addition, we
explore an ensemble model that combines RF and XGBoost.
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2.1 Dataset

We extracted the dataset from Wind financial terminal [6] and the Australian
Bureau of Statistics [25]. The data set contains 19 key economic indicators,
identified by a thorough review of the existing literature [23]. These indicators,
spanning from June 1985 to September 2023, provide a quarterly snapshot
of essential macroeconomic activities. The full list of variables is detailed in
Table 1. In particular, our analysis emphasizes three critical factors: gross
GDP growth, the CPI reflecting inflation trends, and the IBR, which serves as
a primary measure of monetary policy adjustments in Australia.

The indicators within this dataset capture a broad spectrum of economic
dimensions, such as international trade (exports and imports), financial
liquidity (Credit-Total, Broad Money), price movements (commodity prices,
terms of trade), labor market dynamics (unemployment rate, private dwelling
approvals), and industrial activities (industrial production index). Each of
these variables plays a significant role in understanding the economic health
and fluctuations within the market over time.

2.2 Models

We apply a combination of ML and DL techniques to forecast key macroe-
conomic indicators for Australia. Model performance is evaluated against a
basic benchmark, with the Rw model serving as the baseline. We employ
ARIMAX as the time series method, RF and XGBoost as ML methods, and an
ensemble of these two models. For DL methods, we utilize LSTM, CNN-LSTM,
and FNN. Model performance is assessed using Root Mean Squared Error
(RMSE) and Mean Absolute Scaled Error (MASE).

2.2.1 Random walk

Random Walk (Rw) is a classic time series model used to describe the
evolution of a variable over time, assuming that the current value is simply a
continuation of the previous value with the addition of a random error term.
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Table 1: Macroeconomic variables of Australia.
Name Description
RGDP Real Gross Domestic Product, Chain Volume Measures
(Inflation-adjusted GDP)
CPI Consumer Price Index: All Groups
IBR Interbank Overnight Cash Rate
Exports Exports of Goods and Services
Imports Imports of Goods and Services
COMMP Commodity Price Index (All Items). In AUD, with the

base period 2022/23 = 100.

Credit-Total

Total Credit Available

Mbase Monetary Base

Termtrade Terms of Trade Index (Ratio of export prices to import
prices)

M1 Money Supply M1 (Narrow Money)

M3 Money Supply M3 (Broad Money)

BM Broad Money (alternative measure)

10 year T-bond

10-Year Treasury Bond Yield

Hstarts-PDA

Private Dwelling Approvals (Housing Starts)

IP-Total Industrial Production Index: Total Industrial Industries

spP ASX AllOrd | S&P Asx All Ordinaries Index Adjusted Closing Prices

AveComp Average Compensation per Employee (Non-farm sector),
Current Prices (AUD)

Urate Unemployment Rate (Percentage of the labour force)

consfinal Household Final Consumption Expenditure: Chain Vol-

ume Measures, AUD (Real household spending)
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The fundamental formula for the Rw model is

Yt = Y1 T €, (1)

where Yy, is the value at time t, y;_; is the value at the previous time step,
and €, is an independent and identically distributed random error term, under
the hypothesis of having a mean of 0 and constant variance. The model
assumes no inherent trend or seasonality in the time series, which means the
past value and an unpredictable random disturbance determine the future
value. The RW model’s simplicity makes it a useful baseline for evaluating
more complex forecasting models [21, 22].

2.2.2 ARIMAX

The ARIMAX (AutoRegressive Integrated Moving Average with eXogenous
variables) model extends the ARIMA model by including external explanatory
variables, which aims to enhance forecasting accuracy. The standard form of
the ARIMAX model is

(bp(B)det = 1+ V(B)xmt + 04(B)e: . (2)

In this equation, y; denotes the time series value at time t; ¢,(B) and 04(B)
are polynomials that describe the autoregressive (AR) and moving aver-
age (MA) components [1]; and x,,; represents the external explanatory vari-
ables, with v(B) as their associated polynomial. Lastly, €; stands for a
white noise error term, characterized by a mean of 0 and constant variance.
This model is particularly useful when external factors play a major role in
influencing the target variable.

2.2.3 Random forest

Random Forest (RF) is an ensemble learning technique that creates multiple
independent decision trees. Each tree is trained using a bootstrap sample
from the original dataset, and at each node, a random subset of features, F,
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is selected to determine the best split. The optimal split point is chosen to
maximize information gain:

Z D, | 3)
!D!

where D represents the dataset at the current node, and D, are the subsets
formed after splitting. For classification tasks, RF uses a majority voting
scheme across all trees to decide the final class label for a given input. During
the construction of each tree, the data at each node is split based on the
feature and split point that yields the greatest information gain, measured

through metrics such as entropy or Gini impurity. This process is repeated
recursively until the trees are fully grown.

For regression tasks, each tree fi(x) produces a numerical prediction and the
final prediction of the model is the average of predictions from all trees:

1
= T;ft(x)’ (4)

where T is the total number of trees, and fi(x) is the prediction from tree
number t [26].

2.2.4 eXtreme gradient boosting (XGBoost)

XGBoost is an optimized gradient-boosting algorithm, that constructs an
ensemble of decision trees to predict continuous values in regression tasks.
The core idea of XGBoost is to iteratively add new trees that correct the
residuals of previous models, improving the overall accuracy of predictions.
The model formally adds a new tree f; to the ensemble at each iteration t.
The prediction for the ith instance is

—1
00 =0 +fx), (5)
where f(x;) is the output of the new tree, 1 is the learning rate, which is a

shrinkage parameter to avoid overfitting, and Qi(t_” is the prediction from
the previous iteration.
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For a regression task, the function f; is learned by minimizing a regular-
ized objective that combines a squared error loss with a penalty for model

complexity:
n

Obj" =3 1(yu 07" + fulx)) + Q(f), (6)
i=1
where 1(-) is a differentiable convex loss function (e.g., squared error for
regression), and Q(fy) is a regularization term that penalizes the complexity
of tree fy, defined as

1 J
Qf) =yT + E?\ZW];. (7)
=1
Here, T is the number of leaves in the tree, wj is the score on leaf j, y is the
complexity cost for adding a new leaf, and A is the L2 regularization term on
the leaf weights.

To make the optimization tractable, the objective is approximated using a
second-order Taylor expansion. For a squared error loss L(y;, Ui) = (y; —0i)?,
the gradient g; and Hessian h; are

gi =g nUyy, 9 ) =20 =01, hi=0%w Uy, 90" =2.

The optimal weight wi for a leaf j is determined by leveraging the gradient
and Hessian of the squared error loss function:
W — 2ier, 9i (8)
) Zieli hi + A
This framework allows XGBoost to efficiently minimize the loss by leveraging
both the gradient (first-order) and the Hessian (second-order) information,
leading to robust and highly accurate predictive models [§].

2.2.5 Long short-term memory

Long Short-Term Memory (LSTM) networks capture long-term dependencies
in sequential data by using a gating mechanism to regulate information flow,



2 Method C176

addressing the vanishing gradient problem. Each LSTM cell contains three
primary gates: the forget gate, input gate, and output gate, which collectively
manage the cell state C; and hidden state h;. These gates remain identical
across both classification and regression tasks. However, in regression tasks,
adjustments are made to the output layer and loss function to accommodate
continuous value prediction.

The forget gate determines the portion of the previous cell state C;_; to retain
fi = o(Ws - [hi1, xd + b)), (9)

where o is the sigmoid function, W; is the weight matrix, hy 1 represents the
prior hidden state, and x; is the input at time t. As a bias term, b; allows
the model to adjust the output of the forget gate.

The input gate regulates new information added to the cell state, combining
it with a candidate cell state C;:

i = o(Wi - [heqyxd +b4), Ct = tanh(Wc - [he—1, % + bc), (10)
Ct :ft'Ct—1 +it'ét. (11)

The output gate computes the hidden state h; for the current time step:
oy = 0(W, - [hi_1, %] +bo), hy=o0-tanh(Cy). (12)

In regression tasks, the main adjustment lies in the output layer, where the
hidden state h; is passed through a linear layer to produce the predicted value

gt:Wh'ht"i_bha (13)

where W}, and by, are the weight matrix and bias term of the linear layer,
respectively. This linear activation ensures that the output is a continuous
value, suitable for regression tasks. These modifications allow LSTM networks
to capture continuous patterns and dependencies in sequential data [16].
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2.2.6 Feedforward neural network

A Feedforward Neural Network (FNN) is built on interconnected layers, formed
by neurons. The main objective of an FNN is to approximate a function
f: X — Y, with X as the input features and Y as the continuous target value.
The neurons’ outputs in each layer 1 is

a" =owWla" Y+ ), (14)

where WU is the weight matrix, b'Y is the bias vector, and o are showed as
the activation function. The output layer employs a linear activation function
to generate the continuous predicted value

§=wla" "4 pMH, (15)

Here WP and M are the weight matrix and bias vector of the output
layer [4].

2.2.7 CNN-LSTM

In the CNN-LSTM model, the CNN component extracts short-term patterns
from the input sequence through 1D convolution operations. The convolution
operation that defines the output at position 1i is

k—1

z=) W xy+b, (16)
=0

where Wj represents the filter’s weight at j, xi4; is the input value at posi-
tion 1+j, and b stands for the bias term. This convolution operation extracts
local features from the sequence. The filters move across the input data, with
each filter learning to recognize specific patterns within the sequence. In the
end, the resulting output is then passed to the LSTM component for further
temporal processing [18].
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2.2.8 Ensemble model

We build an ensemble model by combining RF and XGBoost, which are two
models that showed best performance, averaging two minimised variances and
bias to enhance performance and increase robustness. This ensemble model is

1
gensemble - E (QRF + QXGBOOS’() ) (17)

where {rr and {xepoost are the predictions from the RF and XGBoost mod-
els, respectively. The final prediction {epsemble i the average of these two
predictions, giving equal weight to each model.

2.3 Evaluation indicators

We assess the performance of our models with Root Mean Squared Error
(RMSE) and Mean Absolute Scaled Error (MASE). The RMSE measures the
standard deviation of the residuals:

n

1
RMSE = | — Z(Ui —41)?, (18)

i=1

where 1 is the number of predictions, y; represents true value at time 1, and
{; is the predicted value at time i. RMSE gives higher weight to larger errors,
making it particularly sensitive to outliers. A lower RMSE indicates better
performance by the model.

The MASE compares the model’s forecast accuracy against a naive forecast:

]EZ:’:] lye — Gl
ﬁ Z?:z |1Jt - Ut—1| ’

MASE = (19)

where y; is the actual value at time t, {J; is the predicted value, and [y, —y_1|
represents the absolute error from the naive forecast.
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Table 2: Relative performance of forecasting models.
Indicator ARIMAX RF XgBoost LSTM CNN-LSTM FNN Ensemble

CPIRMSE 3.943 0.571 1.114 3.714 12.343 11.686 0.137
CPI MASE 3.979 0.707 1.313 4.301 17.421 13.540 0.144

RGDPRMSE | 1.955 0.682 0.773 2.818 4909 7.364 0.127

RGDP MASE | 2.276 1.410 1.610 5.430 9,932 11.334 0.186

IBR RMSE 2.994 0.500 0.500 4.093 8.023 5.244 0.116

IBR MASE 2.993 0.354 0.315 3.507 8.673 4.291 0.087
3 Result

Table 2 shows the relative performance of each model compared to the
benchmark model. The values represent the ratio of the model’s error metrics
(RMSE and MASE) to those of the benchmark. A value less than 1 indicates
a performance better than the benchmark, whereas a value greater than 1
indicates poorer performance. Our analysis reveals that the ARIMAX model
underperformed across all indicators, with significantly higher RMSE and
MASE than the RW benchmark in predictions among the three indicators.
The used DL models, including LSTM, CNN-LSTM, and FNN also failed to
surpass the benchmark, with the CNN-LSTM showing significantly high RMSE
(12.343) and MASE (17.421) for cPI predictions. ML models RF and XGBoost
showed better predictive competence, especially in predicting RGDP and IBR,
achieving RMSE and MASE values below 1. The ensemble of RF and XGBoost
models outperformed all other approaches, with RMSE and MASE values for
RGDP at 0.114 and 0.185.

Figure 1 shows a scatter plot of the results and marks the models with both
RMSE and MASE ratios. Figures 2, 3 and 4 are feature importance charts
for the random forest, XGBoost, and their combined ensemble model for CP1,
RGDP and IBR, respectively.
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Figure 2: Feature contribution on CPI forecasting.



3 Result

RGDP - Random Forest Feature Importance
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Figure 3: Feature contribution on GDP forecasting.
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IBR - Random Forest Feature Importance
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Figure 4: Feature contribution on 1BR forecasting.
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Table 3: Random Forest parameters for different target variables.

Target | Parameter Value
n_estimators 266
max_ depth 11
CPI . .
min_ samples_ split 2
min_ samples_leaf 1
n_estimators 413
max__depth 16
RGDP . .
min_ samples_ split 2
min_samples leaf 1
n estimators 413
max_ depth 16
IBR . .
min_samples split 2
min_ samples_ leaf 1

3.1 Model configuration

We implemented hyperparameter tuning for the target variables. The best-
performing parameters were recorded for the RF, XGBoost, and Ensemble
Model and are shown in Tables 3, 4 and 5, respectively.

4 Discussion

We apply ML and DL models for forecasting macroeconomic increments in
Australia, mainly focusing on GDP growth, CPI inflation, and the IBR. By
comparing performance with the Rw model, we found that RF and XGBoost
models have the potential ability for prediction, which also aligns with Yoon’s
result [29].

Feature importance analysis claims that import prices and quantities play a
critical role in predicting CP1, GDP, and the IBR. For CPI, imports appeared as
the most influential factor in both the RF and ensemble models, emphasizing
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Table 4: XGBoost parameters for different target variables.

Target | Parameter Value
colsample_bytree | 0.7124
learning_ rate 0.1728

P max_ depth 3
min_ child_weight 1
n estimators 444
subsample 0.9948
colsample bytree | 0.9637
learning_ rate 0.0876

RGDP max_ depth 6
min_ child_weight 2
n_estimators 489
subsample 0.6832
colsample bytree | 0.6053
learning rate 0.2927

IBR max_ depth 8
min_ child_weight 2
n_ estimators 364
subsample 0.6064

the significance of external trade and financial liquidity. In the RGDP forecasts,
imports again showed the highest importance, which might suggest that the
cost and volume of imported goods play a crucial role in driving domestic
inflation. Credit-Total was identified as another key feature across models,
demonstrating the importance of credit availability for economic growth.
M1 was identified as a critical factor, especially in the XGBoost model. The
important role of exports and AveComp (average compensation) indicates the
relevance of trade flows and labor market conditions in shaping interest rates.
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Table 5: Ensemble model parameters for different target variables (Random

Forest and XGBoost).

Target | Model Parameter Value
n estimators 266
max_ depth 11
CPI RF . .
min_ samples_ split 2
min_ samples_leaf 1
colsample bytree 0.9637
learning_ rate 0.0876
XGBoOst max_depth 6
min_ child_weight 2
n_estimators 489
subsample 0.6832
n_estimators 266
max_ depth 11
RGDP | RF . .
min_samples_ split 2
min_samples leaf 1
colsample bytree | 0.9637
learning rate 0.0876
XGBOOSE max_ depth 6
min_ child weight 2
n_estimators 489
subsample 0.6832
n_estimators 266
max_ depth 11
IBR RF . .
min_samples split 2
min_ samples_leaf 1
colsample_bytree 0.7124
learning rate 0.1728
XGBoost max_depth 3
min_ child weight 1
n_estimators 444
subsample 0.9948
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Table 6: Feature ablation study in prediction task for 1, 5 and 10 features.
CPI RGDP IBR

1 5 10 1 5 10 1 5 10

RMSE | 0.938 0.170 0.137]0.594 0.149 0.120|0.124 0.114 0.110

MASE | 1.012 0.184 0.144 ]0.975 0.231 0.178|0.084 0.077 0.077

4.1 Ablation attempt

The performance of the ensemble model, which combines the strengths of
both RF and XGBoost, is assessed across different target variables—cCP1,
RGDP (Real aDP), and the IBR. To explore the effect of feature selection
on model performance, the analysis is conducted with varying subsets of
features: one feature, five features, and ten features, as shown in Table 6.
This process of feature ablation aims to identify the optimal set of features
that maximizes predictive accuracy, while minimizing overfitting, and to
understand the relationship between the number of features used and the
model’s generalization ability across different target variables.

Table 6 shows that the ensemble model’s performance improves significantly
as more features are added, and the ensemble also demonstrates strong results
when using the full feature set for each target variable. For the CPI, the
ensemble model with all features achieves an RMSE of 0.137 and a MASE of
0.144 (Table 2). This performs better compare to cases with fewer features,
where RMSE is 0.938 (one feature) and 0.170 (five features). Table 6 shows
MASE dropping from 1.012 to 0.184 as more features are added. This shows
that the full feature set allows the model to capture more complex patterns
and achieve near-optimal predictive accuracy. For RGDP, the model with all
features reaches an RMSE of 0.127 and MASE of 0.186 (Table 2). While these
values are slightly better than the performance with fewer features (RMSE of
0.149 with five features and 0.594 with one feature, MASE of 0.231 and 0.975,
respectively). For the IBR, the ensemble model achieves an RMSE of 0.116
and a MASE of 0.087 when using all features. This improvement is modest
compared to the results with five or one feature (RMSE of 0.114 and 0.124,



References C188

MASE of 0.077 and 0.084, respectively), suggesting that the model is already
performing well with fewer features, and so does not see as significant a boost
with the full feature set.

In conclusion, while the ensemble model shows substantial improvement with
more features for cPI and RGDP, the performance for IBR plateaus once a
sufficient number of features are included. The use of all features allows the
model to achieve its best performance, particularly for cp1 and RGDP, with
diminishing returns for 1BR.

Our results reveal the intricate relationships between trade, financial markets,
liquidity, and production in macroeconomic forecasting. The ensemble mod-
els effectively capture the relation among these complexities by integrating
insights of both RF and XGBoost, providing useful guidance for policymak-
ers and analysts in managing the interconnected factors that contribute to
macroeconomic stability, supporting informed decision-making in areas such
as trade policy, credit control, and monetary regulation [7].
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