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ABSTRACT
This article asks whether an OpenAI GPT model can act as a  conversational investment 
advisor when it reads structured stock data instead of free text. A  pandas DataFrame of 
daily prices for Reliance Industries (RELIANCE.NS), spanning 1 April 2019 to 28 March 2024, 
was enriched with the signals of four hard-coded technical strategies: gap trading, trend 
following, Fibonacci retracement and mean reversion. Each strategy was backtested with 
Pyfolio, and three LangChain DataFrame agents wrapping GPT-3.5-Turbo, GPT-4 and GPT-4-
Turbo answered the same seven plain-English questions. Trend following gave the highest 
backtest return (annual 13.60%, cumulative 86.60%), while Fibonacci retracement was the 
least risky (max drawdown only -1.10%, Omega ratio 6.33). The GPT-4-Turbo agent gave the 
most context-aware answers; GPT-3.5-Turbo was inconsistent and once misread a signal. The 
results hold for a single asset and a no-cost in-sample backtest, so they describe a feasibility 
study rather than live trading performance.

Keywords: large language models, GPT agents, algorithmic trading, technical analysis, 
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1	 INTRODUCTION
A beginner who opens a brokerage account faces two questions at once: which trading rule to 
follow and which tool to trust for advice. Generative artificial intelligence has reached finance 
quickly. JPMorgan filed for a  service named IndexGPT, and surveys now track a  whole family 
of finance-specific large language models (Lee et al., 2024; Li et al., 2023). What stays unclear is 
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whether a general-purpose model, handed nothing but one company’s price history, can turn that 
data into advice a non-expert can act on.

This work builds such a  tool and tests it. Three GPT agents read a  single stock’s  daily prices, 
already marked up with the entry and exit signals of four technical strategies, and answer ordinary 
investment questions. The setup is deliberately narrow. It is an offline backtest on one asset paired 
with a qualitative comparison of three models, not a live trading record and not a benchmark of 
model accuracy in the abstract.

A  second motive is geographic. Most published work on algorithmic and LLM-based trading 
focuses on larger and more frequently studied markets, while the Indian market remains less 
represented in this specific research stream. A Scopus search reported in the source thesis returned 
445 documents for “Trading in Indian stock market”, 15 docu-ments for “Algorithmic trading in 
Indian stock market” and no records for the specific queries “FinLLMs in Indian stock market” and 
“FinPLMs in Indian stock market”.

1.1	 Large language models in finance

The transformer architecture (Vaswani et al., 2023) and the pre-trained encoders that followed it 
(Devlin et al., 2019) made it practical to apply general language models to specialised domains. 
Recent surveys map this move into finance and list both the opportunities and the failure modes, 
hallucination chief among them (Lee et al., 2024; Li et al., 2023; Kalyan, 2024). Most of these systems 
read unstructured text: news, filings, social posts. Whether a model can instead read clean tabular 
data and reason over it is the question taken up here, in line with the agent-based view of Wang et al. 
(2024) and the deep-learning trading models of Pan et al. (2024).

1.2	 Technical trading strategies

The four strategies were chosen because each rests on published evidence and each reacts to 
a  different market regime. Overnight gap behaviour is documented by Akbas et al. (2022) and 
Ho et al. (2023). Trend following through moving averages has a long empirical record (Eggebrecht 
and Lütkebohmert, 2023; Zakamulin and Giner, 2020). Mean reversion and the combination of 
technical rules with portfolio construction round out the set (Macedo et al., 2017; Banik et al., 2022). 
The point is not to find one winning rule but to see how the agent’s reason across several, so that 
the advice can weigh return against risk rather than chase a single number.

2	 METHODOLOGY
Daily OHLCV data for Reliance Industries Limited (ticker RELIANCE.NS on the National Stock 
Exchange of India) were pulled from Yahoo Finance for 1 April 2019 to 28 March 2024 and exported 
to CSV. The five-year window holds 1235 trading days. After the strategy signals and technical indi-
cators were added, the agents operated on a DataFrame of 1235 rows and 27 columns.

The work was done in Google Colaboratory using Python with pandas (pinned to 1.5.3 for Pyfolio 
compatibility), NumPy, Matplotlib, the ta technical-analysis library and Pyfolio for the risk and 
return tear sheets. Four strategies were coded as columns of buy and sell signals and then each 
was backtested separately:
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Gap trading acts on overnight returns: it buys when the opening gaps down between -1% and -2% 
and sells one day later when the signal clears. Trend following uses two simple moving averages, 
a 10-day fast line and a 50-day slow line in the final implementation, and trades on their crossover. 
Fibonacci retracement levels were calculated from the maximum and minimum closing prices in 
the sample and combined with MACD based on 10-day and 30-day EMAs and a 12-day signal line. 
Mean reversion pairs Bollinger Bands (20-day mean, ±2 standard deviations) with a 6-day RSI, 
buying when RSI falls below 30 below the lower band and selling when RSI passes 70 above the 
upper band.

Three agents were built with LangChain’s experimental pandas DataFrame agent, each wrapping 
a  different OpenAI model: Agent1 = GPT-3.5-Turbo, Agent2 = GPT-4, Agent3 = GPT-4-Turbo. 
Temperature was set to 0 to suppress randomness and reduce the chance of fabricated output. For 
a user query, the agent assembles the relevant indicators, recent price moves and strategy signals 
into a prompt and the model returns a plain-language answer (Figure 1).

Evaluation used seven predefined natural-language queries: dated buy or sell recommendations, 
an explanation aimed at a five-year-old in exactly ten sentences, a Fibonacci explanation for an 
experienced investor, and single-strategy versus all-strategy advice. The three agents’ answers 
were compared query by query for accuracy, use of context, personalisation and any sign of hallu-
cination. The choice of models followed third-party benchmarks current at the time (a MindsDB 
comparison from March 2024 and the LMSys Chatbot Arena leaderboard from April 2024), with 
GPT-3.5-Turbo kept as the cheaper baseline.

Fig. 1:	 Architecture of the LLM-based trading agent, showing the perception, environment and large 
language model layers communicating through the Open AI API (adapted from Tripathi, 2024)
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3	 RESULTS
Each strategy produced a  different number of trades over the window: gap trading generated 
48 buy and 48 sell signals, trend following generated 15 buy and 14 sell signals, Fibonacci retra-
cement generated 7 buy and 6 sell signals, and mean reversion produced the largest number of 
short-term signals; the detailed entry-exit table in the source thesis reports 34 complete buy-sell 
pairs. This value should be checked against the original notebook before final submission. Table 
1 reports the consolidated Pyfolio metrics; trend following is shown in bold as the highest-return 
variant (Tripathi 2024).

The strategies split cleanly by what they optimise. Trend following earned the most (annual 
13.60%, cumulative 86.60%, Sharpe 0.79) but carried the highest volatility (18.10%) and the deepest 
drawdown (-26.80%, reached in early 2023). Fibonacci retracement earned little (2.50% annual) 
yet was the steadiest and safest: drawdown stayed within -1.10%, with the best Omega (6.33), 
Calmar (2.24) and Sortino (3.81) of the four. Mean reversion sat in the middle, with a moderate 
3.50% annual return and a contained -9.50% drawdown. Gap trading was the only loser, at -1.60% 
annual and -7.80% cumulative, with negative risk-adjusted ratios across the board.

The agent comparison was qualitative, over the seven queries. Agent3 (GPT-4-Turbo) gave the 
strongest answers: it used the available indicators more consistently, addressed the full intent of 
the questions and is therefore the preferred model for the proposed proof-of-concept tool. Agent2 
(GPT-4) was accurate to the strategy signals but less aware of the surrounding indicators, satisfactory 
rather than strong. Agent1 (GPT-3.5-Turbo) was the weakest: on one query it read a trend-following 
signal value of “1” as a sell instruction, and on another it ignored both the “five-year-old” and the 
“ten sentences” constraints, which Agent2 and Agent3 both honoured exactly. No agent fabricated 
data on the first query; all three fetched the correct values from the DataFrame (Figure 3).

Tab. 1	 Backtest comparison of the four trading strategies on Reliance Industries, 2019–2024 (NaN = value 
not defined in the source)

Metric Gap Trading Trend Following Fibonacci 
Retracement Mean Reversion

Annual Return −1.60% 13.60% 2.50% 3.50%

Cumulative Returns −7.80% 86.60% 12.90% 18.50%

Annual volatility 7.00% 18.10% 4.20% 7.50%

Sharpe ratio −0.20 0.79 0.61 0.50

Calmar ratio −0.10 0.51 2.24 0.37

Stability 0.36 0.42 0.84 0.84

Max drawdown −15.70% −26.80% −1.10% −9.50%

Omega ratio 0.85 1.21 6.33 1.48

Sortino ratio −0.29 1.23 3.81 0.78

Skew 2.39 NaN 22.90 0.27

Kurtosis 99.54 NaN 554.41 110.50

Tail ratio NaN 1.10 NaN NaN

Daily value at risk −0.90% −2.20% −0.50% −0.90%
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4	 DISCUSSION
Why did the larger model read the data better? The likely reason is not finance knowledge but 
instruction-following. GPT-3.5-Turbo’s two errors were both about following the prompt – treating 
a numeric flag as a verb, dropping an explicit length limit – rather than about the market. The newer 
models did not need to “understand trading” to win; they needed to respect the structure of the 
question and the columns they were given. That points to a practical takeaway for anyone building 
such a tool: the gain from a better model shows up as fewer misreadings of the user’s instructions, 
which for a beginner is exactly where damage would happen.

The backtest also warns against reading “best” off a single column. Trend following looks like the 
winner on return, but its -26.80% drawdown is the kind of swing a new investor rarely sits through. 
Fibonacci retracement generated a lower absolute return, but its Omega ratio of 6.33 and maximum 
drawdown of only -1.10% indicate a substantially different risk profile. The strategies should there-
fore not be compared only by return, be-cause they optimise different combinations of profitability, 
volatility and down-side risk. A reasonable reading is that a blend (trend following for upside, mean 
reversion for steady participation, Fibonacci for rare low-risk entries) would give more balanced 
advice than any one rule, which is the direction the agent’s recommendations leaned.

The main methodological result is that an LLM agent primarily designed for lan-guage tasks 
can provide useful explanations over a clean structured price table. This matters because stock 
data are already tabular; the contribution of the agent is therefore not price prediction itself, but 
the conversion of structured signals into understandable investment-oriented explanations. All 
reported figures come from an in-sample backtest on a single stock without brokerage fees, taxes 
or slippage, and should therefore be interpreted as optimistic feasibility results rather than as 
live trading performance. Only proprietary OpenAI models were tried, with no Llama, Mistral 

Fig. 2:	 Example reasoning output of the GPT-powered Agent Executor, which retrieves the strategy 
signals for a given date and concludes whether to sell (adapted from Tripathi, 2024).
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or Falcon, so nothing is known about open-source behaviour. And a backtest is not a live record: 
slippage and intraday dynamics are absent. Gap trading is the cautionary case. It lost money over 
the full window yet was profitable for roughly its first three years, which suggests it might still earn 
its place inside a diversified portfolio rather than being dismissed outright.

5	 CONCLUSION
A GPT agent reading a marked-up price table can answer a beginner’s investment questions, and 
the model behind it decides how well. On Reliance data over five years, GPT-4-Turbo handled 
context and instructions best, GPT-4 stayed accurate to the signals, and GPT-3.5-Turbo made the 
kind of mistakes that would mislead a novice. Among the strategies the data refuse a single answer: 
trend following pays the most and risks the most (13.60% annual, −26.80% drawdown), while 
Fibonacci retracement trades rarely but safely (−1.10% drawdown, Omega 6.33). For a tool aimed at 
beginners, the results support a design in which a stronger language model explains and compares 
several strategy signals, rather than presenting any single rule as universally superior. The next 
steps are the ones this study could not take: open-source models alongside the OpenAI ones, more 
than one Indian stock, transaction costs and taxes in the backtest, and a path from backtest toward 
forward testing under real execution.
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