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Conclusion

The objective of our data analysis Is to determine which We used Boosted Regression Trees (BRTSs) to analyze So far the results of our analysis have came up as inconclusive. With more
characteristics of mutual funds are most impactful for correlations between characteristics (our X variables) time to clean the data collected from Morningstar, not associated with this
mutual fund success. While novel research in the field and fund performance (our Y variables). We chose to use board, and additional time to data process it would returned an value
suggests that mutual fund success is based on fund BRTs have exhibited strong predictive performance In determining correlations between variables. Below is data collected in the Li
characteristics, our research seeks to challenge these various fields and can handle large, high-dimensional and Rossi paper which used a different method, but represents the type of
assertions and provide evidence it is truly stock daga Shet_S,Ii)ecal_J se theytperf(t)r;nfbor:h variable selection data we hope to collect. Below the method sections Is the fund versus stock
characteristics that impact fund success the most. and shrinkage Ih anh attomated tashion. data chart we hope to recreate.
] The following are the steps used for the model:
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It’s important to understand what a mutual fund is and how regression trees. | | - _} )
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percentage of value as well. Mutual funds have become a . — ] :
_ _ empirical errors y j
popular choice for both large scale Wall Street investments i =
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and individuals looking to diversify their personal 5) Use a shrinkage parameter P o/ O | I || I
Investments. With the age of Al on the horizon it is vital to determine how much each boosting iteration
more than ever we use advance data analysis techniques to contributes to overall fit.
process the large amount of data collected on mutual funds. L
Our data evaluates 3232 starting from 1997 to 2017 This method has more intract details references on pages = ;
analyzing over 50 variables. 14-21 of the L1 and Rossi paper. Using this method, we = FEw TR § oW e W T ww

A vital aspect to understanding mutual funds is what coded It Into a statistical analysis program known as R

‘success’ even means. Just like any other business, the fund Wh'ih anaL)I/zei the data_‘ Thtlli Sfa“s“cal SOﬂtWir(ej ItS the Refe rences
.- .. IMOSL Capablie atl processin e 1arge amount o1 data
Managers want to maximize their investment to generate as P : P J . J , , , _ _ _
] ] needed for this research pr()JeCt. Barber, Brad M., et al. “Which factors matter to investors? evidence from mutual fund flows.” Review of Financial
much profit as possible. For our research, we use excess rate Studies, vol. 29, no. 10, 21 June 2016, pp. 2600-2642, https://doi.org/10.1093/rfs/hhw054.
of return and capital asset pricing model index to evaluate

how well a mutual fund will outperform the general market.

“Boosted Tree Regression in R.” KoalaTea, KoalaTea, 14 Dec. 2023, koalatea.io/r-boosted-tree-regression/.

Figure A.3: Cumulative abnormal returns of equally-weighted long-short prediction portfolios. Freyberger, Joachim, and Michael Weber. “Dissecting characteristics nonparametrically.” SSRN Electronic Journal,

Finally, we must understand mutual fund characteristics and 2017, https://doi.org/10.2139/ssn.2820700.
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the dlfferenCe bEtween StOCk and fund Varlables' . First are g oAl " setiment Hong, Harrison, and Jeremy C. Stein. “Chapter 14. A unified theory of underreaction, momentum trading, and
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fund itself. Some examples of fund characteristics fund size 5 1.0
(ﬂ umber of inVEStorS) or the periOdiC Change in total assets z Z.Z; Kan;ftlésR/(;gaft)?é/‘l‘gd;fgg/lse;rlﬁaig;%%glge skill of mutual fund managers.” SSRN Electronic Journal, 6 Apr. 2023,
in a fund. The second type of factors that researcher’s study 3 o0as
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are stock characteristics. These are variables that describe " SSRN Electronic Journal, 6 Dec. 2020, htips:/idoi.org/10.2130/ssm.3737667.
the actual value of the securities of the stock N . T | |

. This figure plots the cumulative abnormal returns of equally-weighted long-short decile portfolios that use different Zach. “Lasso Regression in R (Step-by-Step).” StatOIOQy, 13 Nov. 2020, WWW.StatOIOgy.Org/IaSSO-regression-in-l’/.

information sets to predict abnormal returns. We consider fund-specific and stock-specific characteristics combined
with sentiment.
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