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Abstract

Predicting up and down trends for stock prices is an important puzzle in
the financial field. [5] proposed logistic regression with 6 technical indi-
cators to predict up and down trends for Google’s stock prices. In this
paper we further propose the five penalized logistic regressions with 19
technical indicators: ridge (L2), lasso (L1), elastic net(EN), smoothly
clipped absolute deviation (SCAD) and minimax concave penalty (MCP)
to improve the prediction accuracy. Firstly, we combine the iterative
weighted least square algorithm with the coordinate descent algorithm,
and apply a training set to obtain parameter estimators and probability
estimators. Then we adopt a test set to construct confusion matrices and
receiver operating characteristic (ROC) curves, and apply them to assess
their prediction performances. Finally we compare the proposed five pre-
diction methods with logistic regression, support vector machine (SVM)
and artificial neural network (ANN), and found that the MCP penalized
logistic regression performs the best. Therefore, we develop a new efficient
prediction method to predict up and down trends for stock prices.

Keywords: Penalized logistic regressions, Up and down trends, Coordinate
descent algorithm, Support vector machine, Artificial neural network
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JEL Classification: C13 , C53 , G11

1 Introduction

Stock market exists some inherent characteristics such as model uncertainty,
parameter instability and noise accumulation. These characteristics make the
stock market prediction more complex. Different viewpoints spring up in eco-
nomic and finance. For example, both efficient market hypothesis and random
walk theory assumed that the stock market was unpredictable, whereas Dow
theory and [7] assumed that financial market was predictable, proposed many
technical indicators, and developed the technical analysis methods for finance
market, and [3] systematically summarized the economic forecasting prob-
lems, emphasized the challenges from stock price forecasting, and provided the
strategies to improve the forecasting performances. In recent years, machine
learning methods were proposed to predict stock market. For example, [11]
developed support vector regression and a two-step kernel learning method for
financial time series prediction. [9] proposed adaptive artificial neural network
to predict the second day closing price of stock market index. [2] system-
atically reviewed the progress on artificial intelligence, neural network and
support vector machine in predicting the change of stock price or direction.
[13] proposed a novel stock price trend prediction system that can predict
both stock price movement and its interval of growth (or decline) rate within
the predefined prediction durations. [12] introduced a new method to simplify
noisy-filled financial temporal series via sequence reconstruction by leveraging
motifs (frequent patterns), and then utilized a convolutional neural network
to predict up and down trends for stock prices. [8] used machine learning and
deep learning algorithms to significantly reduce the risk of trend prediction.
[10] proposed a comprehensive customization of feature engineering and deep
learning-based model to predict the price trends for stock markets in China.
[6] applied machine learning method with emotional and situational features
to predict the future trends for stocks, etc..

It is an important issue in the financial world to predict up and down
trends for stock prices. Even small improvements in predictive performance
can be very profitable. To improve the predictive performance, [5] proposed
logistic regression with 6 technical indicators to predict the up and down
trends for Google’s stock prices. Here we introduce the five penalties: L2, L1,
EN, SCAD and MCP for logistic regressions with 19 technical indicators, and
propose the five penalized logistic regressions to further improve prediction
accuracy. Firstly, we combine the iterative weighted least square algorithm
with the coordinate descent algorithm, and apply a training set to obtain
parameter estimators and probability estimators. Secondly, we adopt a test set
to construct two-class confusion matrixes and ROC curves, and apply them
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to assess prediction performances. Finally we compare the proposed five pre-
diction methods with logistic regression, SVM and ANN, and found that the
MCP penalized logistic regression performs the best. Therefore, we recommend
the MCP penalized logistic regression to predict up and down trends for stock
prices and bring richer economic benefit for investors.

The rest of this paper is organized as follows. In Section 2, we establish
the five penalized logistic regressions with 19 technical indicators. In Section
3, we apply the training set to learn the five penalized logistic regressions, and
obtain parameter estimators and probability estimators. In Section 4, we adopt
the testing set to obtain confusion matrices and ROC curves to evaluate their
prediction performances. In Section 5, we compare the proposed five prediction
methods with logistic regression, SVM and ANN.

2 Penalized Logistic Regressions

Let Ct be the closing price of a given stock at the end of the t-th trading day,
Zt = Ct+1 − Ct be the stock excess return,

Yt =

{
1, if Zt > 0,
0, if Zt ≤ 0,

(1)

represents the direction indicator function, where Yt = 1 represents up trend,
and Yt = 0 represents down trend. Our main goal is to predict stock return
movement directions using the current and past data. In the following we apply
a training sample D = {xt, yt}

n
t=1 to learn up and down trends for stock prices

and construct a two-category classification rule that may be hidden deeply in
the raw data set, where xt is the sample from the predictor vector Xt whose
distribution is usually unknown. It is well-known that logistic regression is
a powerful two-category classification method. Note that [7] proposed many
technical indicators and developed the technical analysis methods for finance
market. Therefore, we combine logistic regression with the technical analy-
sis method and proposed the following logistic regression with 19 technical
indicators

P (Xt; β0, β) = P (Yt = 1 | Xt; β0, β) =
exp

(
β0 +X⊤

t β
)

1 + exp
(
β0 +X⊤

t β
) , (2)

1− P (Xt; β0, β) = P (Yt = 0 | Xt; β0, β) =
1

1 + exp
(
β0 +X⊤

t β
) , (3)

where the parameter vector β = (β1, β2, . . . , β19)
⊤ are unknown, and the

predictor vector Xt = (Xt,1, Xt,2, . . . , Xt,19)
⊤ are composed of 19 technical

indicators listed in Table 1. When Xt exists multi-collinearity, the probabilities
perform poor. To improve them, one can introduce the penalized functions for
logistic regression, construct the penalized logistic regressions for modelling
the two-class classification problem and removing technical indicators that are
irrelevant to the future stock price direction.
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Let xt = (xt,1, xt,2, . . . , xt,19)
⊤ and yt be the observation samples for Xt

and Yt, respectively. Given the training set {xt, yt}
n
t=1, we obtain the log-

likelihood function

L(β) =

n∑

t=1

{
yt

(
β0 + x⊤

t β
)
− log

[
1 + exp

(
β0 + x⊤

t β
)]}

, (4)

the negative log-likelihood

l(β) = −L(β) = −

n∑

t=1

{
yt

(
β0 + x⊤

t β
)
− log

[
1 + exp

(
β0 + x⊤

t β
)]}

, (5)

and the penalized negative log-likelihood function

Q(β) ≡ l(β) + pλ,γ(β), (6)

where the penalized functions pλ,γ(β) defined in Table 2 with the tuning
parameter λ and the regularization parameter γ. By minimizing the penal-
ized negative log-likelihood function (6), one can obtain the parameter vector
estimator

βnew = argmin
β

{
−

n∑

t=1

{
yt(β0 + x⊤

t β)− log
[
1 + exp

(
β0 + x⊤

t β
)]}

+ pλ,γ(β)

}
,

(7)
where the intercept term β0 does not be penalized.

3 Parameter Estimators and Probability
Estimators

The penalized negative log-likelihood (6) is not differentiable. In order to
obtain its minimum, the penalized logistic regression need be transformed into
a convergent quadratic problem and apply the iteration procedure to obtain
the corresponding estimator. [1] introduced the coordinate descent algorithm
for the penalized logistic regressions, and obtained the iterative parameter
estimators, see Table 3.

Here we also apply coordinate descent algorithm to obtain the parameter

estimators β̂0 and β̂ for the five penalized logistic regressions. Based on the

parameter estimators β̂0 and β̂, we compute the probability estimators

P̂
(
Yt = 1 | Xt; β̂0, β̂

)
=

exp
(
β̂0 +X⊤

t β̂
)

1 + exp
(
β̂0 +X⊤

t β̂
) , (8)
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Table 1 19 technical indicators and their formulae

Indicators Descriptions Formulae

Xt,1(WMA) Weighted Moving Average. WMAt = [nPt + (n − 1)Pt−1 + . . . + P1]/n!.
Xt,2(DEMA) Double Exponential Moving DEMAt(n) = 2EMAt(n) −

EMAt(EMAt(n)),
Average. EMAt(n) = [2Pt+(n−1)EMAt−1(n)]/(n+1).

Xt,3(ADX) Average Directional Movement ADXt = [(n − 1)ADXt−1 + DXt]/n,
Index measures the strength DXt = [(+DIt)− (−DIt)]/[(+DIt) + (−DIt)],
of a trend. +DIt = Ht − Ht−1,−DIt = Lt−1 − Lt .

Xt,4(MACD) Moving Average Convergence
Divergence compares a fast MACDt = EMAt(s) − EMAt(t), s < t.
exponential moving average
with a slow exponential
moving average.

Xt,5(CCI) Commodity Channel Index CCIt = (Mt − SMt)/0.015Dt,

measures the current price Mt = (Ht +Lt +Ct)/3, SMt =
n∑

i=1
Mt−i+1/n,

relative to an average price. Dt =
n∑

i=1
| Mt−i+1 − SMt | /n.

Xt,6(MO) Momentum provides the MOt(k) = Pt − Pt−k.
difference of a series over
two observations.

Xt,7(RSI) Relative Strength Index RSIt(n) = 100 − 100/[1 + RSt(n)],
measures velocity magnitude RSt(n) = UPavg(n)/DOWNavg(n).
of directional price
movements.

Xt,8(ATR) Average True Range. TRt = Max [(Ht − Lt) , (Ht − Ct) , (Lt − Ct)],

ATRt(n) = 1
n

n∑
t=1

TRt.

Xt,9(CLV) Close Location Value is

a metric utilized in CLVt =
Ct−Lt−(Ht−Ct)

Ht−Lt
.

technical analysis to assess
where the closing price of a
security falls relative to
its day’s high and low prices.

Xt,10(CMF) Chaiken Money Flow compares CLVt = [(Ct − Lt) − (Ht − Ct)]/(Ht − Ct),
the whole volume with regard CMFt =

∑
(CLVt × V Ot)/

∑
V Ot.

to the Close, High and Low
prices.

Xt,11(CMO) Chande Momentum Oscillator. CMOt =
SUt−SDt
SUt+SDt

× 100.

Xt,12(EMV) Ease of Movement Value. BRt =
Vt

Ht−Lt
,EMVt =

MPMt
BRt

,

MPMt =
(

Ht+Lt
2

)
−

(
Ht−1+Lt−1

2

)
.

Xt,13(MFI) Money Flow Index uses price TPt =
Ht+Lt+Ct

3 ,RMFt = TPt × Vt,

and volume data for identifying MFRt =
14PPMFt
14PNMFt

, MFIt = 100 − 100
1+MFRt

.

overbought or oversold signals
in an asset.

Xt,14(ROC) Rate Of Change. ROCt = Ct/Ct−n × 100.
Xt,15(VHF) Vertical Horizontal Filter

can distinguish the types of V HFt =
HCPt−LCPt∑
|Ct−i+1−Ct−i|

.

market.
Xt,16(SAR) Parabolic Stop-And-Revers is SARt = SARt−1 + AF (Ht−1 − SARt−1),

used to determine the direction SARt = SARt−1 + AF (Lt−1 − SARt−1).
of a trend and the potential
reversal of a price.

Xt,17(TRIX) Triple Smoothed Exponential TRt(n) = EMA (EMA (EMA (Ct, n) , n) , n),
Oscillator is to filter price noise
and insignificant price TRIXt(n) = 100 × (TRt(n)/TRt−1(n) − 1).
movements.
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Indicators Descriptions Formulae

Xt,18(WPR) William’s indicator is a WPRt = (Ht−n − Ct) / (Ht−n − Lt−n) × 100.
dynamic technical indicator
that determines whether the
market is overbought or bought.

Xt,19(SNR) Signal to Noise Ratio can
see the trend direction of SNRt =| Ct − Ct−n | /ATRn.
the stock.

Table 2 Penalized functions

Penalized

functions

Formulae

EN pλ,γ(β) = λ [(1 − γ)‖β‖2 + γ‖β‖1], λ ∈ (0,∞), γ ∈ (0, 1).
γ = 0, EN becomes L2 penalty pλ(β) = λ‖β‖2.
γ = 1, EN becomes L1 penalty pλ(β) = λ‖β‖1.

MCP pλ,γ(β) =

{
λβ − β2

2γ , if β ≤ γλ,
1
2γλ

2, if β > γλ.
λ ≥ 0 , γ > 1.

SCAD pλ,γ(β) =






λβ, if β ≤ λ,
λγβ−0.5(β2+λ2)

(γ−1)
, if λ < β ≤ λγ,

λ2(γ+1)
2 , if β > λγ.

λ ≥ 0, γ > 2.

P̂
(
Yt = 0 | Xt; β̂0, β̂

)
=

1

1 + exp
(
β̂0 +X⊤

t β̂
) . (9)

4 Two-class Prediction Performance

The two-class confusion matrix is a cross table of the true class and the pre-
dicted class. It accurately describes the two-class classification results, see
Table 4.

Accuracy is the proportion of population samples that are correctly
predicted

Accuracy =
TP + TN

TP + TN + FP + FN
, (10)

and is the simplest index to evaluate prediction performance. However, it
cannot reflect the losses from two types of errors. Therefore, a ROC curve
is introduced to evaluate prediction performance. Suppose that TPR(c) =
P (X1 < c) represents the true positive rate at the threshold c, and FPR(c) =
P (X2 < c) represents the false positive rate at the threshold c. By setting
the different threshold c, we calculate {(TPR(c), FPR(c))} or (Sensitivity,
1-Specificity) to draw a ROC curve, where

Sensitivity(True positive rate,TPR) = TP/(TP + FN), (11)

Specificity(1-False positive rate,1-FPR) = TN/(TN + FP ). (12)
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Table 3 Penalized functions and parameter estimators for penalized logistic regressions

Penalized

functions

Parameter estimators

EN β̂EN
j (Zj ; λ) =

S(Zj,λ)
νj

.

MCP β̂MCP
j (Zj ; λ, γ) =






S(Zj,λ)
νj−1/γ

, | Zj |≤ νjλγ,
Zj
νj

, | Zj |> νjλγ,
γ > 1/νj .

SCAD β̂SCAD
j (Zj ; λ, γ) =






S(Zj,λ)
νj

, | Zj |≤ λ (νj + 1) ,

S(Zj,γλ/(γ−1))
νj−1/(γ−1)

, λ (νj + 1) <| Zj |≤ νjλγ, γ > 1 + 1/νj .
Zj
νj

, | Zj |> νjλγ,

Notation

νj = n−1x⊤
j Wxj , j = 1, · · · , p, Ỹ = x⊤β(m) + W−1(Y − P ),

Zj = n−1x⊤
j W

(
Ỹ − x−jβ−j

)
= n−1X⊤

j Wr + νjβ
(m)
j , γ = W−1(y − P (xt; β)),

x−j = (x1, · · · , xj−1, 0, xj+1, · · · , xp) , β−j = (β1, · · · , βj−1, 0, βj+1, · · · , βp) .

Table 4 Two-class confusion matrix

True class 1(Yt = 1) True class 2 (Yt = 0)

Predicted class 1(Ŷt = 1) TP FP

Predicted class 2(Ŷt = 0) FN TN

TP:True positive, FP:False positive, TN:True negative, FN:False negative.

In Section 5 we adopt the R program package pROC to draw a ROC curve,
compute AUC(the area under the ROC curve, a summary indicator of classi-
fication performance) and obtain the relevant statistics, the details can refer
to Chapter 7 from [4].

5 Real Data Analysis

The stock market fluctuates greatly during December 2019 because of the novel
coronavirus pandemic. Therefore we select Google’s stock prices from January
2010 to November 2019 as the observation data, choose the 80% observation
data as the training set to learn the up and down trends, and choose the
remaining 20% observation data as the test set to predict the up and down
trends for stock prices, where opening price (Ot), highest price (Ht), lowest
price (Lt), closing price (Ct), volume (Vt) and adjusted price (At) are obtained
from the Yahoo Finance port using R’s getSymbols function. We consider 19
technical indicators: WMA, DEMA, ADX, MACD, CCI, Mo, RSI, ATR, CLV,
CMF, CMO, EMV, MFI, ROC, VHF, SAR, TRIX, WPR and SNR as predic-
tors, select Yt defined (1) as response variables, and apply the aforementioned
five penalized logistic regressions to predict up and down trends for Google’s
stock prices.
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5.1 Tuning Parameter Selection

Variable selection is determined by the regularization parameter λ. In order
to select the appropriate λ, we combine the coordinate descent algorithm with
the ten fold cross-validation method to calculate the whole solution paths for
model parameters, select a specific solution path from the whole solution paths,
and apply the binomial deviance as the risk measurement. Then we get the
mean cross validation error curve and the one-standard-deviation band shown
in Figure 1. In particular, the parameter estimators for the MCP penalized
logistic regression and the SCAD penalized logistic regression depend on the
selection of regulating parameters γ and λ. They are usually chosen by cross-
validation.
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Fig. 1 The relationship between ten-fold cross-validation λ and model error

Figure 1(a)(b)(c) represent the 10 fold cross validation deviation curves for
L2, L1 and EN, respectively. The number above each graph indicates the num-
ber of the selected variables. The left vertical line corresponds to log(λ) when
the minimum mean square error occurs, the right vertical line represents the
corresponding log(λ) when 1 times standard error occurs, and log(λ) between
the two vertical lines indicate that their errors are within a minimum stan-
dard error range( i.e.,the “one-standard-error” rule). We often use the rule
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to select the best model. From Figure 1 we observe that the range of “one-
standard-error” for L2, L1 and EN is 0.0173 ∼ 0.0401, 0.0020 ∼ 0.0154 and
0.0033 ∼ 0.0213, respectively. However, for MCD and SCAD, there is only one
vertical line and corresponds to the log(λ) when the average minimum error
occurs, see Figure 1 (d)(e). We evaluate the prediction performance at each
λ and γ value, select the best model corresponding to λ = 0.0121, γ = 5 for
MCP and λ = 0.0035, γ = 10 for SCAD, and obtain the final five regres-
sions. We compare the five regressions with logistic regression(LR), found that
the parameters for LR and L2 choose all 19 variables, whereas the other four
penalized logistic regressions choose the different variables. This phenomenon
indicates that there exists serious multi-collinearity between 19 variables, see
Table 5.

Table 5 Selected variables for LR and the five penalized logistic regressions

Coefficient LR L2 L1 EN MCP SCAD

β0 0.4918 -0.1008 -0.1049 -0.1050 -0.1137 -0.1520
β1 0.2401 0.0159 0.0311
β2 -0.2343 0.0087
β3 0.0016 0.0031
β4 -0.0192 -0.0383
β5 -0.1959 -0.3103 -0.5788 -0.5451 -0.5068 -0.4751
β6 0.0373 0.0869
β7 -0.0313 -0.1191 -0.1234 -1.0464 -1.0114
β8 0.0214 0.0485 0.0260 0.050 0.0015 0.0956
β9 -0.2859 -0.1568 -0.1622 -0.1761 -0.0992
β10 0.3466 0.1977 0.0917 0.1443 0.1333
β11 0.0208 0.4683 0.8422 0.8287 1.4888 1.6237
β12 0.0507 0.0258 0.0488
β13 0.0145 0.3582 0.3496 0.3981 0.4470 0.3876
β14 -9.7227 0.1061 -0.2134
β15 0.6910 0.0715 0.0101 0.0361 0.0122 0.0975
β16 -0.0057 0.0033
β17 1.3665 0.1115 0.0368 0.4117 0.4375
β18 -0.9247 0.1081
β19 -0.0983 -0.0250 -0.0918

5.2 Predicted Accuracy

We take advantage of the training set to study the Google stock price trends.
In the following we apply the test set and the ROC curve to evaluate the
prediction accuracy. According to the predicted class from the training set
and the actual class from the test set, we establish the following second-class
confusion matrix.

According to Table 6 we calculate Accuracy, Sensitivity and Specificity for
LR as follows:

Accuracy =
191 + 164

191 + 164 + 84 + 51
≈ 0.724,
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Table 6 Two-class confusion matrix

Actual 1(Yt = 1) Actual 2 (Yt = 0)

Predicted 1(Ŷt = 1) 191 84

Predicted 2(Ŷt = 0) 51 164

Sensitivity =
191

191 + 51
≈ 0.789, Specificity =

164

164 + 84
≈ 0.661.

Similarly, we calculate Accuracy, Sensitivity and Specificity for the five
penalized logistic regressions listed in Table 7.

Table 7 Comparison of prediction accuracy for the six methods

LR L2 L1 EN MCP SCAD

Sensitivity 0.789 0.625 0.681 0.749 0.781 0.773
Specificity 0.661 0.766 0.720 0.678 0.678 0.686
Accuracy 0.724 0.694 0.705 0.712 0.732 0.731

From Table 7 we observe the following facts: (1)For EN and L1, Accuracy
is higher than that of L2, but is lower than that of LR; (2)Accuracy for MCP
is higher than that of SCAD, whereas Accuracy for SCAD is higher than
that of EN and LR. However, Accuracy is the simplest index to evaluate the
prediction, and it cannot fully reflect the corresponding loss of two kinds of
errors. Therefore, in the following we first compute Sensitivity and Specificity
corresponding to different thresholds for the six methods, and then apply them
to draw the ROC curve to evaluate Accuracy, see Figure 2.
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Fig. 2 ROC curves of six models for predicting the movement directions of stock
price
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In Figure 2, the AUC corresponding to LR, L2, L1, EN, MCP and SCAD
are 0.776, 0.752, 0.757, 0.760,0.778 and 0.777, respectively. Combined with
Accuracy listed in Table 7, it can be concluded that among the six methods,
the MCP penalized logistic regression with technical indicators performs the
best in terms of in terms of Accuracy. In order to further explain the superior-
ity to the MCP penalized logistic regression in predicting stock prices trends
movement, we compare the prediction results for the MCP penalized logistic
regressions with those for SVM and ANN, see Table 8.

Table 8 Sensitivity, Specificity, Accuracy and AUC for MCP, SVM and ANN

MCP SVM ANN

Sensitivity 0.781 0.705 0.725
Specificity 0.678 0.653 0.732
Accuracy 0.732 0.686 0.729
AUC 0.778 0.679 0.759

From Table 8, we can observe that among the aforementioned three meth-
ods, MCP performs the best in terms of Sensitivity, Accuracy and AUC. The
reason that SVM performs the worse may be that Gaussian kernel function is
a typical local kernel function, and it only affects the data points in a small
area near the test point, and has strong learning ability and weak generaliza-
tion performance. In addition, ANN is unstable, so we choose the average of
the 10 predicted results as the final values, and they are worse than MCP.
Obviously, the MCP penalized logistic performs best in predicting the trend
of stock price ups and downs. Therefore, we recommend the MCP penalized
logistic regressions to predict the stock price trend movements.

6 Conclusion

Based on Murphy’s technical analysis method, we combine technical indica-
tors with penalized logistic regression and propose the five penalized logistic
regressions to predict the up and down trends of Google’s stock price. The pre-
diction results show that the MCP penalized logistic regression with technical
indicators is superior to the other prediction methods such as logistic regres-
sion, the other four penalized logistic regressions, SVM and ANN. For other
stock price trends prediction problems, we can also apply statistical charts,
data analysis, empirical knowledge and the penalized method to extract some
important technical indicators that may affect stock price trends movement,
establish some penalized logistic regressions with the different technical
indicators to predict these stock price trends, and apply the corresponding
confusion matrix and ROC curves to assess the prediction accuracy. Therefore,
here we combine technical indicators with MCP penalized logistic regressions
and provide the effective method to improve the prediction accuracy.
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