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ABSTRACT

This article compares four artificial-intelligence forecasting methods (LSTM, SARIMAX,
XGBoost and FB-Prophet) on a decade of daily prices of Reliance Industries, one of the largest
companies on the Indian stock market. Most published forecasting studies use US, Chinese
or European data; the Indian market is less frequently used as a test bed. In the source
thesis, a Scopus query for “time series forecasting in India” refined by “financial market”
returned 137 documents, while the broader bibliometric dataset contained 2,202 documents.
The dataset covers 2 December 2013 to 30 November 2023 (over 2,600 trading days). Each
model was first trained on price features alone and then re-evaluated after merging five
macroeconomic indicators (gold price, USD/INR, the 10-year government-bond yield, the
Wholesale Price Index and the Consumer Price Index). Accuracy was measured by MSE, MAE
and the coefficient of determination R?. Adding macroeconomic factors did not help every
model. XGBoost improved across all three metrics (MSE 39.35 to 24.58) and was the only
method that gained without producing implausibly perfect numbers; LSTM improved only
with the larger 90% training split, while FB-Prophet overfitted badly (MSE 11.17 to 1,912.35).
The results are specific to one company and a retrospective forecasting experiment on
historical data; they do not represent live trading performance.
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1 INTRODUCTION

Stock-price series are hard to predict. They are non-stationary, nonlinear and noisy, and they
jump on political and economic news that no model sees coming. The classical statistical approach
assumes a fixed data-generating process; financial markets rarely cooperate with that assumption.
This is the reason machine-learning and deep-learning methods, which learn the structure from
the data rather than imposing it, have moved into the field over the past decade.

There is a geographical imbalance in the published work. Forecasting models are usually tested
on the US, Chinese or European markets, and far less often on India, even though India was the
world’s fifth-largest economy by GDP in 2023. The source thesis reports that a Scopus query for
“time series forecasting in India” refined by “financial market” returned 137 documents; in contrast,
its broader bibliometric dataset for time-series forecasting, artificial intelligence and financial
markets contained 2,202 documents. The earlier bibliometric survey by Jankova (2021) drew on
353 articles for the global topic. Part of the explanation lies in infrastructure rather than interest.
The source thesis cites the Digital Quality Index 2023 as a contextual limitation: India ranked 52nd
overall, 91st of 121 countries for electronic infrastructure, and its internet-affordability rank fell
from 8 in 2020 to 28 in 2023. Add the full source to the references, or omit this contextual sentence
from the conference version. The aim of this work is to benchmark four Al forecasting methods
on Indian data and to test a concrete question: does adding macroeconomic context improve the
forecast, and for which method?

1.1 Forecasting methods and prior results

The four methods cover the main families used in practice. Long Short-Term Memory (LSTM)
networks were introduced by Hochreiter and Schmidhuber (1997) to keep gradient information
over long sequences; Fischer and Krauss (2018) applied them to S&P 500 constituents and found
they beat memory-free classifiers, which is also why that paper is among the most-cited in the area
(1,007 citations). ARIMA and its exogenous extension SARIMAX follow the Box-Jenkins tradition
(Boxetal, 2015) and remain a strong linear baseline. XGBoost, the gradient-boosted tree ensemble
of Chen and Guestrin (2016), has become a default tabular learner and was used for stock predic-
tion together with LSTM by Gumelar et al. (2020). FB-Prophet decomposes a series into trend and
seasonal components and was applied to forecasting by Sharma et al. (2022).

Hybrid models recur in the literature. Zhang (2003) and Khashei and Bijari (2011) combined
ARIMA with neural networks to capture linear and nonlinear structure at once; the latter work has
accumulated 1,493 citations. For India specifically, Aithal et al. (2019) identified the macroeconomic
indicators that move the Indian market, Srivastava et al. (2023) and Kumar et al. (2023) compared
machine-learning models on Indian exchanges, and the second of these contrasted ARIMA with an
RNN-LSTM directly. These studies motivated both the model selection here and the decision to test
macroeconomic factors as inputs.
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2 METHODOLOGY

The case study uses Reliance Industries Ltd. (ticker RELIANCE.NS), with daily historical prices from
Yahoo Finance for 2 December 2013 to 30 November 2023; the source thesis describes the dataset
as containing over 2,600 rows after preprocessing. The columns are Date, Open, High, Low, Close,
Adjusted Close and Volume; the target is Adjusted Close. All models were implemented in Python
on Google Colaboratory and scored with the same three metrics: mean squared error (MSE), mean
absolute error (MAE) and the coefficient of determination R2

LSTM was tried in two forms. The first fed the network three past values of the target (input shape
3x1) through one LSTM layer of 30 memory units and two dense layers; it overfitted, with test MSE
1,825.23 against training MSE 574.16. The second form learned from the correlated price features
(Open, High, Low, Close), used a StandardScaler, LSTM and dense layers of 64 and 32 units and
20% dropout, and removed the overfitting. SARIMAX followed a Box-Jenkins identification from
the ACF and PACF plots, giving order (p=0, d=1, q=2), that is no autoregressive term, first-order
differencing and two moving-average terms, with price columns added as exogenous regressors.
XGBoost used the XGBRegressor; two rows with missing values were dropped and Volume was
removed for low correlation. FB-Prophet was set to model weekday data only, with trend, weekly,
yearly and daily components, the last 500 rows held out for testing,.

The second part of the experiment added five macroeconomic indicators from Investing.com
India: the gold price, the USD/INR exchange rate, the 10-year government-bond yield, the Wholesale
Price Index (WPI) and the Consumer Price Index (CPI). Their correlations with Adjusted Close range
from strong to weak: gold 0.93, USD/INR 0.90, WPI 0.48, CP1 0.16 and the bond yield —0.29. The two
price indices are published monthly, which limits their resolution against daily prices. Each model
was scored twice, once on prices alone (“before”) and once on the merged dataset (“after”), so that
the contribution of the macroeconomic context could be read off the change in the metrics.

Fig. 1: Box-Jenkins iterative workflow for ARIMA-based time series forecasting; model identification,
parameter estimation and diagnostic checking are repeated until the model is adequate for forecast-
ing (adapted from Tripathi, 2023).
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3 RESULTS

Table 1 lists the baseline accuracy of each model on prices alone. The two tree- and decomposi-
tion-based models (XGBoost, FB-Prophet) started far ahead of the sequence models on MSE, which
already hints that for this single, fairly trending series the harder-to-train recurrent network was
not the obvious winner.

Table 2 reports selected before/after metrics after the five macroeconomic indicators were
merged in. Because the compact conference table does not include every metric for every model,
the text should state explicitly that it presents the key metrics needed for comparison. XGBoost (in
bold) is the only method that im-proved on the reported MSE, MAE and R? values while keeping
plausible, non-perfect scores.

The training-split size mattered for LSTM. At the 80% split the macroeconomic inputs made it
worse (MSE rose from 628.12 to 1,070.10); at the 90% split they helped (MSE fell from 577.59 to
323.08, R? rose to 0.9796). SARIMAX reported MSE and MAE of zero with R? of 1 after the merge.
For daily stock prices that perfect fit almost certainly signals information leakage from the strongly
collinear Open/High/Low/Close regressors rather than genuine predictive skill, so it cannot be read
as a real improvement. FB-Prophet moved the opposite way and overfitted, its MSE jumping from
11.17 to 1,912.35. XGBoost gained quietly and consistently: MSE 39.35 to 24.58, MAE 4.75 to 3.27,
R?0.9999 to 0.99996.

Tab. 1 Baseline accuracy on price features only (80% training split; LSTM second approach)

Model MSE MAE R?

LSTM 628.12 21.45 0.9602
SARIMAX 59.22 6.08 1.00
FB-Prophet 11.17 2.39 1.00
XGBoost 39.35 4.75 0.9999

Tab. 2 Effect of macroeconomic factors on each model, before vs. after merging (Tripathi, 2023)

Model Training Metric Before After
LSTM 80% MSE 628.12 1070.10
LSTM 90% MSE 577.59 323.08
LSTM 90% MAE 21.37 14.66
LSTM 90% R? 0.9607 0.9796
SARIMAX 80% MSE 59.22 0
FB-Prophet 80% MSE 11.17 1912.35
FB-Prophet 80% R? 1.00 0.88
XGBoost 80% MSE 39.35 24.58
XGBoost 80% MAE 4.75 3.27
XGBoost 80% R? 0.9999 0.99996
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Fig. 2: Actual vs. predicted adjusted close prices on the held-out test set (LSTM, second approach).
The forecast tracks the level and most turning points of the 2023 price path but lags the sharpest
moves (adopted from Tripathi, 2023)

Fig. 3: Actual vs. predicted adjusted close prices over the full 2013-2023 sample after merging mac-
roeconomic factors; the predicted curve overlaps the actual one across the whole range, including the
steep rise after index 1,500 (adopted from Tripathi, 2023)
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4 DISCUSSION

Why did the same five macroeconomic factors help XGBoost but hurt FB-Prophet? The answer
is in how each model treats extra inputs. XGBoost can treat additional regressors as candidate
split features and may re-duce their influence when they do not improve the objective function;
therefore, a weak monthly series such as CPI (correlation 0.16) is less likely to distort the fit than in
a model that explicitly adds external regressors to its trend structure. FB-Prophet, by contrast, folds
external regressors into an additive model on top of its trend and seasonality; a noisy low-reso-
lution input there shifts the whole fit, and the held-out 500-row test then pays for it. The increase
in FB-Prophet’s MSE from 11.17 to 1,912.35 is much larger than five-fold; it is more accurate to
describe it as an approximately 170-fold increase, consistent with severe degradation after adding
the macroeconomic regressors.

The LSTM result is about data, not architecture. The recurrent network has many more parame-
ters to estimate than a tree ensemble, and its gates can only learn the relationship between, say,
the USD/INR rate and the price if they see enough examples. At 80% training the extra inputs were
closer to noise and the network degraded; the additional ten percentage points of data at the 90%
split were enough for the gates to start using them, and the error dropped by almost half. This is
the familiar behaviour of deep models on small tabular problems: they reward more data more
steeply than shallow models do.

The SARIMAX numbers deserve scepticism rather than celebration. A reported MSE of zero on
out-of-sample daily adjusted closing prices is not plau-sible in a real forecasting setting and there-
fore requires a leakage or evaluation-protocol check. The most likely cause is that the exogenous
Open, High and Low values for the same day are near-perfect predictors of the Adjusted Close of that
day, so the model is partly reading the answer from its inputs. This should be treated as a potential
leakage or evaluation artefact rather than as genuine predictive superiority. The practical ranking
in this study should there-fore rest mainly on XGBoost, whose improvement is large enough to be
useful and small enough to be plausible.

Two limits frame all of this. The evaluation is a retrospective forecasting experiment on one
company, Reliance Industries, so the numbers say nothing directly about live trading, portfolio
performance or other firms, where firm-specific variables and political shocks would matter. And
the macroeconomic set is small and partly monthly; richer or higher-frequency indicators might
change which model benefits. The geographical gap that motivated the study, few Indian fore-
casting papers and weak digital infrastructure, also means there is little local work to compare
against, so these results are a starting point rather than a settled benchmark.

5 CONCLUSION

Within the single-asset experiment on a decade of Reliance Industries prices, XGBoost produced the
most defensible improvement after adding macroeconomic factors. It gave a strong baseline and
was the only one of the four methods that improved on every metric once macroeconomic factors
were added, without the suspiciously perfect output that made the SARIMAX result unusable. For
a practitioner testing a single Indian equity with a limited set of macroeconomic series, gradient-
-boosted trees appear to be a cautious first modelling choice in this proof-of-concept; the recurrent
network benefited only when the training split was increased, while FB-Prophet degraded after
adding low-resolution regressors. The SARIMAX results should be reported as requiring further
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verification, be-cause a perfect score on financial data usually indicates an evaluation artefact
or information leakage rather than genuine forecasting ability. The next steps are to repeat the
test across several companies and markets, to add firm-specific and event-based variables, and to
replace monthly indices with higher-frequency macroeconomic data.
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