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Abstract
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Recently, recommender systems that recommend items which match the users’

preferences are widely used for online shopping. In particular, collaborative fil-

tering methods are often used to make recommendations to a particular user,

because they provide a list of suggested items that are similar to those previ-

ously preferred by the user by considering other users’ trading records. How-

ever, the collaborative filtering methods are limited to make the recommenda-

tions for general consumer goods. For example, in the case of stock markets,

these methods may recommend to the users who traded on stocks with a low

rate of return only the stocks with a similar rate of return. In this paper, we

propose a stock market portfolio recommender system(a recommender system

for stock markets) by transforming the collaborative filtering for implicit feed-

back datasets to overcome the limitations.

Keywords : Recommendation system, Implicit feedback, Collaborative filter-

ing for implicit feedback datasets, Recommendation for stock markets.

Student Number : 2016-20262
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Chapter 1

Introduction

Nowadays, recommender systems are widely used and they work well in e-

commerce such as Amazon and Netflix. In many e-commerce recommender

systems, users’ historical data are used to recommend other items.

There are two types of feedback data; explicit feedback data and implicit

feedback data. Explicit feedback is that users express their thought clearly

such as 1-5 scale rating. On the other hand, implicit feedback is indirect in-

formation from users’ behaviors such as purchases and clicks. In general, there

are more implicit feedback data available than explicit feedback data. There

are several methods to recommend items by using explicit feedback such as

factorization machines in Rendle (2010) and knowledge-based recommender

systems in Aggarwal (2016). The recommender systems with implicit feed-

back are vastly developed such as collaborative filtering for implicit feedback

datasets in Hu, Koren, and Volinsky (2008) and logistic matrix factorization

for implicit feedback data in Johnson (2014).

Collaborative filtering(CF) for implicit feedback datasets in Hu, Koren,

and Volinsky (2008) proposes a recommender system by treating the implicit
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feedback data as an indication of positive and negative preference associated

with vastly varying confidence levels. Hu, Koren, and Volinsky (2008) applied

the method with data from a digital television service, especially those pre-

senting how many times a user watched a program. However, in order to rec-

ommend stocks which are not general consumer goods, proper transformations

are needed.

In this paper, we suggest a model that recommends stocks by adapting

CF for implicit feedback datasets in Hu, Koren, and Volinsky (2008). We also

implemented our model.

The rest of this paper is organized as follows. Chapter 2 reviews two types

of feedback, item-based collaborative filtering algorithms and CF for implicit

feedback datasets. Chapter 3 introduces our model which recommends stocks

by using implicit feedback and the results of implementation. We discuss and

summarize our results in Chapter 4.
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Chapter 2

Preliminaries

In this chapter, three categories are considered. The first category describes two

types of feedback; explicit feedback and implicit feedback. The second category

reviews item-based collaborative filtering recommendation algorithms. Finally,

the third category explains a recommender system, named Collaborative fil-

tering for implicit feedback datasets.

2.1 Two types of feedback

As we mentioned in Chapter 1, there are two types of feedback data; explicit

feedback data and implicit feedback data. Users may or may not reveal their

opinions directly. If the users clearly show their preferences such as like/dislike,

the feedback is called explicit feedback. In other words, explicit feedback is

collected directly from users. For example, users show their opinions about

movies through movie ratings. On the other hand, if users do not express their

preferences, we cannot get explicit feedback data. Thus, we can understand

users’ preference throughout other factors such as their purchasing patterns
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and web surfing paths. This indirect information from users’ behaviors are

called implicit feedback. In the following, we explain the prime characteristics

of explicit feedback and implicit feedback, respectively.

Explicit feedback

1. The semantic interpretation of a user’s level of interest varies slightly

across different merchants such as Amazon or Netflix. Specifically, 5-point

rating scale, 7-point rating scale, and 10-point rating scale are commonly

used. However, the interpretation of the user’s level of interest varies. For

example, 5-point rating scale can be interpreted as shown in Figure 2.1.

Figure 2.1: Example of 5-point rating scale

2. It can be internally transformed to numerical values, and then the simi-

larity measures which would be mentioned in Section 2.2 can be applied.

For example, ordinal ratings (i.e ordered categorical ratings), which are

shown in Figure 2.2, can be transformed to scores from 1 to 5.
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Figure 2.2: Example of ordinal ratings used in Standford University course

evaluations

3. The number of available ratings could be too small. This is because users

might not be willing to rate a lot of items. Thus, rating matrix would be

sparse, and then, the recommendation quality would become poor.

Implicit feedback

1. There is no negative feedback. This is because it is hard to surely infer

which items a user does not like by observing his/her behaviors. For

example, we cannot say that the user does not like the item because a

user does not buy the certain item. It is possible that the user may not

have bought the item because he/she does not like the item or does not

know the item.

2. It has innately noise. In fact, implicit feedback does not necessarily indi-

cate that buying items is users’ positive views about items. For example,

a user might have bought the item as a gift, or perhaps the user was

disappointed with the item.

3. The numerical value of explicit feedback indicates preference, whereas

the numerical value of implicit feedback indicates confidence. Since the

numerical values of implicit feedback explain the frequency of actions,
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we can say with high probability that a user likes a certain item if he/she

buys the item frequently.

If you want to know more detailed information, see Hu, Koren, and Volin-

sky (2008), Lee, Park, and Park (2008), Jannach et al. (2010) and Aggar-

wal (2016)

2.2 Item-based collaborative filtering recom-

mendation algorithms

The main idea of item-based algorithms is to compute predicted ratings using

the similarity between items.

Item1 Item2 Item3 Item4 Item5

Soo 3 4 5 4 ?

User1 4 4 5 1 4

User2 2 3 3 2 2

User3 4 4 1 1 5

User4 1 2 1 2 2

Table 2.1: Example of ratings

Let us look at a simple example as shown in Table 2.1. In this example, the

goal is to predict Soo’s preference for Item5. First, we look for items that have

ratings similar to Item5 by comparing the rating vectors of the other items.

Then, we can see that the ratings for Item5 (4, 2, 5, 2) are similar to those of

Item1 (4, 2, 4, 1) and Item2 (4, 3, 4, 2). The idea of item-based recommenda-

tions is to look at Soo’s ratings for those similar items. Soo gave “3” to Item1
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and a “4” to Item2. An item-based algorithm computes a weighted average of

those other ratings and will predict a rating for Item5 somewhere between 3

and 4.

One significant step in the item-based collaborative filtering algorithm is

to compute the similarity between items. In order to compute similarity si,j(or

sim(i, j)) between two items i and j, item-based algorithms use the users who

have rated both of those items. Figure 2.3 illustrates the users used in the item

similarity computation; the matrix row represent the users and the columns

represent the items.

Figure 2.3: Item similarity computation
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There are many different ways to compute the similarity between items as

follows.

• Cosine-based similarity

sim(i, j) =
~i ·~j

||~i||2 ∗ ||~j||2

where · denotes the dot-product of two vectors.

• Correlation-based similarity

sim(i, j) =

∑
u∈U(rui − r̄i)(ruj − r̄j)√∑

u∈U(rui − r̄i)2
√∑

u∈U(ruj − r̄j)2

where rui denotes the rating of user u on item i, and r̄i is the average

rating of the i-th item.

• Adjusted cosine similarity

sim(i, j) =

∑
u∈U(rui − r̄u)(ruj − r̄u)√∑

u∈U(rui − r̄u)2
√∑

u∈U(ruj − r̄u)2

where rui denotes the rating of user u on item i, and r̄u is the average

rating of the u-th user’s rating.

The second significant step in item-based algorithms is to predict ratings

by using computed similarities. In general, the weighted sum is commonly used

in order to obtain predicted ratings. Using the weighted sum, we can denote

the predicted rating r̂ui as

r̂ui =

∑
j∈rated items sim(i, j) ∗ ruj∑

j∈rated items sim(i, j)

For more details about item-based CF algorithms, see Sarwar et al. (2001)

and Jannach et al. (2010).
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2.3 Collaborative filtering for implicit feedback

datasets

In this section, we describe the model introduced in Hu, Koren, and Volin-

sky (2008). Let rui be implicit feedback for user u and item i such as purchas-

ing frequency. Also, define the indication yui of the preference of user u to item

i as

yui := I(rui > 0) =

 1, rui > 0

0, rui = 0
(2.1)

In other words, if the user u has consumed item i (i.e. rui >0), then we have

an indication that u likes i (i.e. pui =1). On the other hand, if u has never

consumed i before, then we believe that u has no preference about i (pui =0).

We can also say with high probability that the user u likes the certain item i

as rui grows. Therefore, Hu, Koren, and Volinsky (2008) introduce confidence

cui as the increasing function of rui such as

cui := 1 + αrui, α : constant (2.2)

Constant α controls the rate of increase.

Furthermore, preferences are assumed to be the inner product:

pui := E(yui) = vTuwi (2.3)

From the equation (2.3), the vector vu ∈ Rk for each user u is the user-factor

and the vector wi ∈ Rk for each item i is the item-factor. Let V = (vTu )u∈U ,

W = (wT
i )i∈I . In other words, V is a |U |×k matrix representing all user factors

and W is a |I| × k matrix representing all item factors. Then, the final goal
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is to find matrices V and W . Those factors are computed by minimizing the

following loss function:

L(V,W ) =
∑

u∈U,i∈I

cui(yui − vTuwi)
2 + λ(

∑
u∈U

||vu||2 +
∑
i∈I

||wi||2) (2.4)

The value of the parameter λ is data-dependent and determined by cross-

validation.

An alternating least squares optimization process is used to compute vec-

tors vu and wi minimizing the above loss function (2.4). A detailed explanation

is as follows. The first step is computing all user factors. User factors are com-

puted by differentiating loss function with fixing wi. Then,

vu = (W TCuW + λIk)−1W TCuyu (2.5)

where Cu = diag((cui)i∈I) (i.e. Cu
ii = cui), Ik is the identity matrix of size k,

and yu = (yui)i∈I . The second step is computing all item factors. Item factors

are computed by differentiating loss function with fixing vu updated in the first

step. Then,

wi = (V TCiV + λIk)−1V TCiyi (2.6)

where Ci = diag((cui)u∈U) (i.e. Ci
uu = cui), Ik is the identity matrix of size k,

and yi = (yui)u∈U . The first and second step are repeated until both V and W

converge.

After computing user and item factors, the predicted preference p̂ui can be

computed by

p̂ui = vTuwi, u ∈ U, i ∈ I

Then, items are recommended by descending order of p̂ui.
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Chapter 3

A Recommender System for

Stock Markets

In this chapter, we only suggest one model that recommends stocks by adapt-

ing Hu, Koren, and Volinsky (2008). We then explain the evaluation results

of implementation. Originally, we considered two models adapting Sarwar et

al. (2001) and Hu, Koren, and Volinsky (2008). When we tried to use the model

in Sarwar et al. (2001) to make a recommendation for stocks, the results were

not good. In detail, we set a rating matrix with 1 for purchased stocks or 0 for

otherwise. However, the similarities between stocks were too low since there

were only few users who had same stocks. Thus, we do not suggest the model

adapting Sarwar et al. (2001).

3.1 Introduction

The purpose of stock recommendations is to recommend stocks with a high

rate of return to any users. However, if the model in Hu, Koren, and Volin-
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sky (2008) is applied for stock recommendations without any transformation,

then the original method recommends stocks that are similar to those previ-

ously preferred by the user by considering other users’ trading records. Thus,

the original method may recommend only stocks with a similar rate of return

to users who are traded on stocks with a low rate of return. As a result, users

are not satisfied with recommended stocks.

We assume that the users who show high profits have stocks with a high

rate of return. Therefore, we consider the special group of users consisting of

those with a high rate of return. This special group will be called the high

users. They play a significant role in our model.

3.2 Notation

Define the implicit feedback rui as the amount of the holding stocks. Also, we

will use similar notations we wrote in equations (2.1), (2.2), and (2.3). Namely,

we define the indication yui of the preference of user u to item i as

yui := I(rui > 0) =

 1, rui > 0

0, rui = 0
(3.1)

In addition, confidence cui and preference pui are defined as follows.

cui := 1 + α log(1 + rui), α : constant (3.2)

pui := E(yui) = vTuwi (3.3)

where the vector vu ∈ Rk for each user u is the user-factor and the vector

wi ∈ Rk for each item i is the item-factor.
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3.3 Model

A description of our model is shown in Figure 3.1.

Figure 3.1: Description of our model: rating matrices for high users and all

users are decomposed into two low-rank matrix.
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In detail, let the collection of all users be U and the collection of high users

be Uh(⊂ U). Also, let the collection of all items which are held by high users

be I, where Ik is the identity matrix of size k. At first, we compute high user

factors vuh
(∈ Rk) and item factors wi(∈ Rk) for high users uh ∈ Uh and all

items i ∈ I. To be specific, high user factors and item factors are computed by

minimizing the following loss function:∑
u∈Uh,i∈I

cui(yui − vTuwi)
2 + λ(

∑
u∈Uh

||vu||2 +
∑
i∈I

||wi||2) (3.4)

The process of minimizing the loss function (3.4) uses an alternating least

squares optimization process. There are two steps as follows. The first step is

computing high user factors vuh
. User factors are computed by differentiating

loss function with fixing wi. Then,

vuh
= (W TCuhW + λIk)−1W TCuhyuh

, uh ∈ Uh (3.5)

where W = (wT
i )i∈I ; that is W is a |I|×k matrix representing all item factors,

Cuh = diag((cuhi)i∈I) (i.e. Cuh
ii = cuhi) and yuh

= (yuhi)i∈I . The second step

is computing item factors wi for high users. Item factors are computed by

differentiating loss function with fixing vuh
updated in the first step. Then,

wi = (V T
h C

iVh + λIk)−1V T
h C

iyi, i ∈ I (3.6)

where Vh = (vTuh
)uh∈Uh

; that is Vh is a |Uh| × k matrix representing all high

user factors, Ci = diag((cuhi)uh∈Uh
) (i.e. Ci

uhuh
= cuhi) and yi = (yuhi)uh∈Uh

.

The first and second step are repeated until both Vh and W converge.

Second, we compute user factors for all users u ∈ U by minimizing the

following loss function with fixing W obtaining in equation (3.6)∑
u∈U,i∈I

cui(yui − vTuwi)
2 + λ

∑
u∈U

||vu||2 (3.7)
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Then,

vu = (W TCuW + λIk)−1W TCuyu, u ∈ U (3.8)

where Cu = diag((cui)i∈I) (i.e. Cu
ii = cui) and yu = (yui)i∈I . Then, define

V = (vTu )u∈U . In other words, V is a |U | × k matrix representing all user

factors.

Finally, we compute the predicted preference p̂ui as

p̂ui = vTuwi, u ∈ U, i ∈ I

by using item factors W obtaining in equation (3.6) and user factors V ob-

taining in equation (3.8). Then, items are recommended by descending order

of p̂ui.

By the above process, we can recommend stocks considering the user’s

preference and the rate of return. In other words, we can reflect the user’s

preference since we consider the trade information of the user. Moreover, we

can recommend stocks having the high rate of return because we recommend

the stocks, held by high users.

3.4 Evaluation

The accuracy is commonly used in order to evaluate recommender systems such

as Herlocker et al. (2004) and Herlocker et al. (1999). However, computing the

accuracy using the recommended results for all users is not proper since we

train the model with only high users. Thus, we compute the accuracy using

only high users’ data. In particular, we use AUC(Area Under the ROC Curve)

in order to decide hyperparameters.
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AUC(Area Under the ROC Curve)

Consider a binary classification (two-class prediction problem). Specifically,

the outcomes are labeled either as positive (p) or negative (n). From a binary

classifier, there are four possible outcomes; TP, FP, FN, TN. A true posi-

tive(TP) has occurred when both the prediction outcome and the actual value

are p, and a false positive(FP) has occurred when the prediction outcome is p

but the actual value is n. On the contrary, when both the prediction outcome

and the actual value are n, a true negative (TN) has occurred, and when the

prediction outcome is n while the actual value is p, a false negative (FN) has

occurred. The four outcomes can be formulated in a 2 × 2 contingency table

as Table 3.1.

True condition

positive negative

Predicted condition
positive TP (True Positive) FP (False Positive)

negative FN (False Negative) TN (True Negative)

Table 3.1: Contingency table of possible four outcomes

From Table 3.1, we can derive the true positive rate (TPR) and false pos-

itive rate (FPR). TPR defines the proportion of correct positive results to all

positive samples during the test. FPR, on the other hand, defines the propor-

tion of incorrect positive results to all negative samples during the test. TPR

and FPR are expressed as

TPR =
TP

TP + FN
, FPR =

FP

FP + TN

An ROC curve(Receiver Operating Characteristic curve) is two-dimensional

graph in which TPR is plotted on the y axis and FPR is plotted on the x axis.
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An ROC curve depicts relative trade-offs between benefits (true positives) and

costs (false positives). Since TPR is equivalent to sensitivity and FPR is equal

to 1 − specificity, the ROC curve is sometimes called the sensitivity vs (1 −
specificity) plot. For example, the curve in Figure 3.2 is the ROC curve.

Figure 3.2: Example of ROC curve

The AUC is defined as the area under the ROC curve. In the example

of Figure 3.2, the AUC is the area under the curve. If you want to know

about more concrete charicteristics of AUC, see Cortes and Mohri (2004) and

Fawcett (2004).

In this paper, we compute AUC as

AUC :=
1

|U |
∑
u∈U

1

|I+u ||I−u |
∑

i∈I+u ,j∈I−u

I(p̂ui > p̂uj) (3.9)

where U is the collection of users, I+u is the collection of items which are

purchased by user u, I−u is the collection of items which are not purchased by
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user u, and p̂ui indicates the predicted preference of user u to item i. From the

equation (3.9), we can determine hyperparameters such as α, the number of

factors, and λ at the largest value of AUC.

3.5 Implementation

We implemented our model. At first, we tried to use R package (“recommender-

lab”), but the R package did not run because computation was too big. Thus,

we adjusted the package a little. If you want to know the original R package,

then see Gorakala and Usuelli (2015).

Data description

The data contain user-id, 3M-ROR, avg stock assets, code, and holding

sum. The detailed information about variables as follows.

• user-id : the user’s identifying code.

• 3M-ROR : an average of the rate of return during 3 months.

• avg stock assets : average stock assets for a month.

• code : the stock’s identifying code which held by each user.

• holding sum : the amount of the holding stocks.

A brief description of process choosing high users is shown in Figure 3.3.

The top 10% of an average of the rate of return during 3 months was first

selected as high users among the users with average stock assets over KRW

1,000,000 for a month. Then, in order to avoid the cold-start problem, we

selected the users having more than five stocks on the recommendation day.
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Thus, the number of high users is 6,247 and the number of their holding stocks

is 2,123. For recommendation stability, only the top 30% of the stocks possessed

by the high users are recommended.

Figure 3.3: Process of defining high users

# of high users total # of holding stocks # of top 30% of stocks

6,247 2,123 669

Table 3.2: Description of high users

The total number of users who receive recommendations including high

users is 778,759. Those users have at least one stock.

Evaluation results

As we mentioned in Section 3.4, the AUC was calculated using only high

users in order to determine hyperparameters such as α, the number of factors,

and λ. In detail, 80% of the high users were used as the training data, 10%

were used as the validation data, and the remaining 10% were used as the test
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data. The model was trained using the training data. In order to determine

hyperparameters, the AUC was computed by using the validation data. Then,

AUC was computed with the test data using the determined hyperparameters

in order to verify the performance of the model.

We computed the average of the daily AUC by using the validation data

during business days from 2017.07.03 to 2017.07.14. We set α ∈ (0.5, 1, 5), the

number of factors ∈ (40, 50, 60), and λ ∈ (0.05, 0.1). The results are shown in

Table 3.3. Based on Table 3.3, we determined α, the number of factors, and λ

as 5, 40, and 0.1 respectively since the AUC had the largest value.

Then, the daily AUC was computed during business days from 2017.07.03

to 2017.07.14 by using the test data. The results are shown in Table 3.4. As

we can see from Table 3.4, the average of the daily AUC is about 0.79, which

explains that our model shows about 80% accuracy.
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α # of factors λ AUC

0.5

40
0.05 0.7591401

0.1 0.7583965

50
0.05 0.7515031

0.1 0.7513676

60
0.05 0.7436033

0.1 0.7460179

1.0

40
0.05 0.7740013

0.1 0.7721213

50
0.05 0.76234

0.1 0.7619457

60
0.05 0.7545354

0.1 0.7551788

5.0

40
0.05 0.7911196

0.1 0.7920806

50
0.05 0.7784832

0.1 0.7789584

60
0.05 0.7695786

0.1 0.7701225

Table 3.3: The average of the daily

AUC using the validation data

AUC

17.07.03 0.7797687

17.07.04 0.8103177

17.07.05 0.8033248

17.07.06 0.7863066

17.07.07 0.7882177

17.07.10 0.7905864

17.07.11 0.7776584

17.07.12 0.7869077

17.07.13 0.7836083

17.07.14 0.783389

Table 3.4: The daily AUC using the test

data
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Chapter 4

Conclusion

In this paper, we discussed collaborative filtering for implicit feedback datasets

in order to recommend stocks, and the algorithm was implemented. The key

in our model is the assumption that the users who show high profits have

stocks with a high rate of return. This paper is meaningful as there are few or

no papers about stock recommendations and the implementation shows fairly

high accuracy.

There is some room for improvement. First, we used just simple definitions

to make recommendations in order to we know intuitively. Thus, some needed

definitions such as confidence cui can be improved. Also, the predicted prefer-

ence p̂ui is not bounded. Therefore, p̂ui can be set to a value between 0 and 1

by estimating p̂ui as follows.

log
p̂ui

1− p̂ui
= vTuwi ⇒ p̂ui =

1

1 + exp{−vTuwi}
, u ∈ U, i ∈ I

Thirdly, this paper does not consider selling the holding stocks. To improve

the model, the sales of stocks should be considered by various ways such as

giving different weights according to the amount of selling during a particular

period. Finally, we assume that users who show high profits have stocks with

22



a high rate of return, and we define them as high users. However, it is possible

that this assumption is not appropriate in reality. Also, a rate of return is the

most important factor in the stock trade. Thus, the model can be enhanced

by directly reflecting the predicted stock price. Hence, further works will be

required.

23



References

Aggarwal, Charu C (2016). Recommender systems. Springer.

Cortes, Corinna and Mehryar Mohri (2004). “AUC optimization vs. error

rate minimization”. In: Advances in neural information processing systems,

pp. 313–320.

Fawcett, Tom (2004). “ROC graphs: Notes and practical considerations for

researchers”. In: Machine learning 31(1), pp. 1–38.

Gorakala, Suresh K and Michele Usuelli (2015). Building a recommendation

system with R. Packt Publishing Ltd.

Herlocker, Jonathan L et al. (1999). “An algorithmic framework for perform-

ing collaborative filtering”. In: Proceedings of the 22nd annual international

ACM SIGIR conference on Research and development in information re-

trieval. ACM, pp. 230–237.

Herlocker, Jonathan L et al. (2004). “Evaluating collaborative filtering recom-

mender systems”. In: ACM Transactions on Information Systems (TOIS)

22(1), pp. 5–53.

Hu, Yifan, Yehuda Koren, and Chris Volinsky (2008). “Collaborative filtering

for implicit feedback datasets”. In: Data Mining, 2008. ICDM’08. Eighth

IEEE International Conference on. Ieee, pp. 263–272.

24



Jannach, Dietmar et al. (2010). Recommender systems: an introduction. Cam-

bridge University Press.

Johnson, Christopher C (2014). “Logistic matrix factorization for implicit feed-

back data”. In: Advances in Neural Information Processing Systems 27.

Lee, Tong Queue, Young Park, and Yong-Tae Park (2008). “A time-based

approach to effective recommender systems using implicit feedback”. In:

Expert systems with applications 34(4), pp. 3055–3062.

Rendle, Steffen (2010). “Factorization machines”. In: Data Mining (ICDM),

2010 IEEE 10th International Conference on. IEEE, pp. 995–1000.

Sarwar, Badrul et al. (2001). “Item-based collaborative filtering recommenda-

tion algorithms”. In: Proceedings of the 10th international conference on

World Wide Web. ACM, pp. 285–295.

25



국문초록

요즘 온라인 쇼핑몰 등에서 고객의 성향에 맞는 상품을 추천해주는 기술인 추

천 시스템이 많이 이용되고 있다. 특히 협력적 정화 방법이 많이 이용된다. 이

방법은 특정 고객에게 상품을 추천할 때 다른 고객들의 매매기록을 참고하여

특정고객이이전에선호했던상품과유사한상품을추천하는방법이다.하지만

기존의 협력적 정화 방법은 일반적인 소비 상품에 대한 추천에만 적합하다는

한계가 있다. 예를 들어, 주식 추천의 경우 기존의 협력적 정화 방법을 이용하면

수익률이낮은주식종목위주로거래하는고객에게이와유사한수익률이낮은

종목만을추천할수도있기때문이다.이논문에서는이러한한계점을극복하기

위해 내재적 피드백을 이용한 협력적 정화방법(Collaborative filtering for im-

plicit feedback datasets)을 변형한 주식 추천 시스템 모형을 제시한다.

주요어 :추천시스템,내재적피드백,내재적피드백을이용한협력적정화방법,

주식 추천.

학 번 : 2016-20262
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