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Abstract We often meet the case in data analysis that the explanatory variables can
be occasionally divided into two groups. One group comprises the variables that re-
searchers consider controllable, and the other group comprises those they do not.
We call them controllable and uncontrollable variables, respectively. In the study, we
deal with binary response data and aim to estimate the relationship between the bi-
nary response and controllable variables. Logistic regression model is typically used
in binary response data. In addition to that, AIM (Adaptive Index Model; Tian and
Tibshirani, 2010) can also be used in binary response data. Contrast with logistic
regression model, AIM can explain the result easier using binary rules but the pre-
diction accuracy of AIM is shown worse than that of logistic regression model. Con-
sidering the interpretability and accuracy, it is better to apply AIM to controllable
variables and adjust the effect of uncontrollable variables using logistic regression
model. Therefore, we propose the method combining AIM and logistic regression
model, called hybrid adaptive index model(HAIM), to give best solution.
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1 Introduction

In this paper we focus on the situation that explanatory variables in binary response
data can be divided into controllable variables and uncontrollable variables. Control-
lable variables are the variables which can be changed or controlled, such as salt
intake and alcohol intake. Uncontrollable variables are the variables which are not
controllable in general, such as sex and age. For example, in medical field, the best
way to prevent cerebral infraction is to manage each risk factor and keep in a good
condition. However, not all the risk factors are controllable, e.g. age is a known risk
factor but is uncontrollable. The management of the controllable variables such as salt
intake and alcohol intake seems to be much more important. Therefore, it is signifi-
cant to derive the interpretable attributes of subjects based on controllable variables
and detect the relationship between the response and these attributes of subjects.

In order to detect the relationship between the attributes of subjects and response,
the classification methods or subgroup identification methods can be used. For ex-
ample, the tree-based methods such as CART (Classification and Regression Trees;
Breiman et al., 1984), IT (Interaction Trees; Su et al., 2009) and SIDES (Subgroup
Identification Based on Difference Effect Search; Lipkovich et al., 2011). Addition-
ally, Li et al. (2018) proposed the method to detect multiple-threshold and Wang et
al. (2019) threshold based on the combination of multivariate predictors which can
derive more meaningful partition. Furthermore, in this paper we concentrate to derive
the interpretable attributes of subjects based on controllable variables. Thus, the ex-
planatory variables need to be divided at first. However, the tree-based methods get
the results based on all of the explanatory variables and cannot avoid the interaction
between the controllable variables and uncontrollable variables, so that these meth-
ods are difficult to get the results based only on controllable variables. Although the
methods proposed by Li et al. (2018) and Wang et al. (2019) can derive the meaning-
ful attributes of the subjects from multiple-thresholds and the threshold based on the
combination of multivariate predictors, the interpretation of results could be difficult.
Beside these methods, Tian and Tibshirani (2010) proposed AIM (Adaptive Index
Model) which can get a sequence of simple indices (e.g. “Blood pressure > 120 mm
Hg”) based on explanatory variables. Because of each index is constructed indepen-
dently, therefore we can easily get the results based only on controllable variables.
However, the Tian and Tibshirani (2010) also shows that the performance of AIM
tends to be bad, when the data tends to be linear.

There are several studies discussed AIM, Chen et al. (2015) compare the perfor-
mance of the PRIM-based method with AIM, Huang et al. (2017) modify the AIM
for subgroup identification and Shimokawa et al. (2013) use the residual deviance to
estimate each parameter simultaneously, those methods are not considering to obtain
the result based only on controllable variables considering the effect of uncontrol-
lable variables. Therefore, we propose a method to deal with such situation. Here,
we combine AIM with logistic regression model called hybrid adaptive index model
(HAIM). In HAIM, AIM is used to construct binary rules from controllable variables
and logistic regression model is applied to adjust the effect of uncontrollable vari-
ables. We expect that the prediction accuracy of HAIM tends to be good through the
logistic regression model of uncontrollable variables. In this way, we can get the re-
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sult based only on controllable variables, and interpret the feature corresponding to
controllable variables with considering the effect of uncontrollable variables.

The remainder of this paper is organized as follows. In Section 2, we introduce
AIM and its algorithm. In Section 3, we propose HAIM and its algorithm in detail.
In Section 4, we conduct numerical simulations to compare the accuracy of HAIM,
AIM, and the CART. We compare HAIM with AIM using a real example and interpret
the features of the real example using HAIM in Section 5. In Section 6, we summarize
the paper.

2 AIM

In this section, AIM is introduced, which is proposed by Tian and Tibshirani (2010).
AIM constructs a set of binary rules adaptively such as “x j > c j” or “x j < c j” based
on explanatory variables of data. For each observation, a score called index predictor,
can be obtained from the sum of binary scores corresponding to the set of binary
rules. The higher index predictor can be easily interpreted as the higher risk of event.
The advantage of AIM is easy to interpret and can capture the situation where the
effect to response relate to multiple variables.

AIM is shown in detail as follow. Let xxx a vector consist of p explanatory vari-
ables, xxx = (x1, · · · ,xp). Here, the sample is given of N observations {yi,xi j}N

1 ( j =
1,2, · · · , p). The model consists of K indicator functions defined as follows:

log(πi/1−πi) = β0 +β1 ∑
j∈CK

I(s jxi j < s jc j) (1)

where β0 and β1 are the intercept and the coefficient, respectively, πi = Pr{yi = 1|xxxi}
is the probability of yi = 1, given xxxi = (xi1, · · · ,xip) where yi ∈ {0,1} is a binary
response. I(s jxi j < s jc j) is the indicator function for which I(s jxi j < s jc j) is one
if s jxi j < s jc j is true, and I(s jxi j < s jc j) is zero, otherwise. s j ∈ {−1,1} is the
sign of jth explanatory variable, CK is the set of selected indices of variables CK ⊂
{1,2, · · · , p}(|CK |=K) and c j( j∈Ck) is the cutoff point of jth variable. The explana-
tory variable xxx j and the corresponding cutoff point c j is selected in a forward stepwise
manner to maximized the score test statistics under the null hypothesis, β1 = 0 in Eq.
(1). For the details of the Algorithm, see Tian and Tibshirani (2010).

3 HAIM

In this section, we propose hybrid adaptive index model (HAIM) for binary response.
AIM can use several binary rules to explain the relationship between the binary re-
sponse and the explanatory variables. In addition to that, we can get index predictors
according to the sum of binary scores corresponding to the set of binary rules and
estimate the risk of event. Contrast to logistic regression model, AIM make the result
easy to interpret. However, the prediction accuracy of AIM shows worse than logistic
regression (Tian and Tibshirani, 2010). As we have mentioned, a situation is con-
sidered that explanatory variables in data can be divided into controllable variables
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and uncontrollable variables. Here, we only concentrate on controllable variables and
construct a set of binary rules based entirely on controllable variables. The effect of
uncontrollable variables should also be considered. We use logistic regression to ad-
just the effect of uncontrollable variables and expect that the prediction accuracy of
HAIM tends to be better. Consequently, we combine AIM with logistic regression
model.

Model and Algorithm
We designate xxx a vector consist of p explanatory variables, xxx=(xxxc,xxxuc)= (xc

1, · · · ,
xc

m,x
uc
1 , · · · ,xuc

n )(m+ n = p) where xxxc = (xc
1, · · · ,xc

m) are controllable variables and
xxxuc = (xuc

1 , · · · ,xuc
n ) are uncontrollable variables. Here, the sample is given of N ob-

servations {yi,xxxi}N
1 where xxxi = (xc

i j,x
uc
il ) = (xc

i1, · · · ,xc
im,x

uc
i1 , · · · ,xuc

in )(m+n = p). We
would like to construct binary rules based solely on controllable variables xxxc =(xc

1, · · · ,
xc

m), considering the effects of uncontrollable variables xxxuc = (xuc
1 , · · · ,xuc

n ). We define
HAIM for binary response as follows:

log(πi/(1−πi)) = β0 +β1 ∑
j∈CK

I(s jxc
i j < s jc j)+

n

∑
l=1

αlxuc
il (2)

where β0, β1 and αl(l = 1, · · · ,n) are the intercept, coefficients for the controllable
variables, and coefficients for the uncontrollable variables, respectively. Here, πi =
Pr{yi = 1|xxxc

i ,xxx
uc
i } is the probability of yi = 1, given xxxc

i = (xc
i1, · · · ,xc

im) and xxxuc
i =

(xuc
i1 , · · · ,xuc

in ) where yi ∈ {0,1} is a binary response. CK is the set of selected indices
of controllable variables CK ⊂ {1,2, · · · ,m}(|CK | = K), and c j is the cutoff point of
variable j( j ∈CK). In this model, we adjust the effects of the uncontrollable variables
xxxuc

i using logistic regression model and apply AIM only to controllable variables xxxc
i .

In HAIM, we can estimate the optimal c j maximized the score test statistics of test
under the null hypothesis, β1 = 0 in Eq.(2). HAIM algorithm which estimate the opti-
mized set of controllable variables CK ⊂ {1,2, · · · ,m}(|CK |= K) and corresponding
cutoff point c j is shown as follow.

Algorithm 1 HAIM algorithm
1: Set K as the number of binary rules, V = {1,2, · · · ,m} as the set of the indices of controllable variables

and CK ←{φ}.
2: Estimate β0, αl(l = 1, · · · ,n) with the response variable y and uncontrollable variables xxxuc.
3: Set new response variable y∗, where y∗i = log(πi/(1−πi))− (β0 +∑

n
l=1 αlxuc

il ).
4: while |CK | ≤ K do
5: For all k ∈ V , determine ck , sk such that the corresponding score test statistic of test β = 0 is

maximized, given y∗, xc and xuc

6: Let k∗ be the controllable variables which maximizing the score test statistic among k ∈ V and
CK ←CK

⋃
{k∗} and V ←V\{k∗}

7: end while
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4 Numerical Studies

In this section, several simulations are performed to evaluate the performances of
HAIM, AIM and CART by prediction accuracy under the various situations.

4.1 Simulations for the prediction accuracy

Here, we show the results of numerical simulations for evaluating the prediction ac-
curacy. We focus on the data {y,xxxc,xxxuc} with binary response y ∈ {0,1} and the
explanatory variables can be divided into controllable variables xxxc and uncontrol-
lable variables xxxuc . There are several datasets generated for simulation study and the
simulation settings will be explained later.

Explanatory variables settings
The explanatory variables xxx = (xxxc,xxxuc) consist of the controllable variables xxxc =

(xc
1,x

c
2,x

c
3) and uncontrollable variables xxxuc = (xuc

1 ,xuc
2 ,xuc

3 ). Each explanatory vari-
able is distributed from standard normal distribution that xc

1,x
c
2,x

c
3,x

uc
1 ,xuc

2 ,xuc
3 ∼N(0,1).

Considering the correlation between the explanatory variables, the explanatory vari-
ables are generated in four cases:

Case 1: Each explanatory variable is generated independently.
Case 2: A correlation between xc

1 and xuc
1 with r = 0.6

Case 3: A correlation between xc
1 and xc

2 with r = 0.6
Case 4: A correlation between xuc

1 and xuc
2 with r = 0.6

Response variables settings
The response variable y ∈ {0,1} is dichotomous. In order to confirm the predic-

tion accuracy of proposed method in different situation, we set five models to generate
the response variables and set e∼ (0,1) as error term for each model. Model 1 (Eq. 3),
Model 2 (Eq. 4) and Model 3 (Eq. 5) are step functions. In model 1, the situation is set
in favor to AIM and split of each explanatory variable is only one. However, Model
2 set two splits and Model 3 set four splits for each explanatory variable. Model 4
(Eq. 6) is linear model. Model 5 (Eq. 7) is set in favor to HAIM and combine step
function and linear model. In model 5, the step function which is similar to the Model
1 is applied to controllable variables and the linear model is applied to uncontrollable
variables.

Model 1:

f (x) = 1−0.5
3

∑
j=1

I(xc
j > 0)−0.5

3

∑
l=1

I(xuc
l > 0)+0.5e (3)

Model 2:

f (x) = 5 −0.5
3

∑
j=1

[I(xc
j >−1)+ I(xc

j > 1)]

− 0.5
3

∑
l=1

[I(xuc
l >−1)+ I(xuc

l > 1)]+0.5e (4)
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Model 3:

f (x) = 7 −0.5
3

∑
j=1

[I(xc
j >−1)+ I(xc

j >−0.5)+ I(xc
j > 0.5)+ I(xc

j > 1)]

− 0.5
3

∑
l=1

[I(xuc
l >−1)+ I(xuc

l >−0.5)+ I(xuc
l > 0.5)+ I(xuc

l > 1)]

+ 0.5e (5)

Model 4:

f (x) =−0.5
3

∑
j=1

xc
j−0.5

3

∑
l=1

xuc
l +0.5e (6)

Model 5:

f (x) = 1−0.5
3

∑
j=1

I(xc
j > 0)−0.5

3

∑
l=1

xuc
l +0.5e (7)

According to these generation model the f (x) is calculated and then the binary
response variable y is generated by

y =

{
1, 1/[1+ exp(− f (x))]> 0.5
0, otherwise

(8)

Size of training and test data
In the simulation, the size of trainings data is set as 100, 200, 300, 400 and 500.

The size of test data is set as 200. In addition, the summary of the simulation design
is shown in Table 1.

Table 1 The summary of simulation settings

Explanatory variables Case 1, Case 2, Case 3 and Case 4
Response variables Model 1, Model 2, Model 3, Model 4 and Model 5
Training data size 100, 200, 300, 400 and 500
Test data size 200

Then, three methods AIM, HAIM and CART are applied to each dataset. In
HAIM we have to divide explanatory variables into controllable variables and uncon-
trollable variables at first. Therefore, we set xuc

1 ,xuc
2 and xuc

3 as observed uncontrol-
lable variables and the other explanatory variables as controllable variables. Then, the
performance of HAIM will be compared with that of AIM and CART which are eval-
uated using prediction accuracy. The prediction accuracy is calculated by the correct
classification rate between true binary responses y and estimated binary responses ŷ
of test data and can be describe as follow.

correct classification rate =
∑

200
1 I(ŷi = yi)

200
(9)
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Fig. 1 The results of simulation data generated by model 1

Here, the ŷ is calculated in the same way as Eq. 8, where the f (x) is estimated HAIM.
The test data is constructed in the same way as each of the corresponding training
data.

4.2 The results of simulation studies for the prediction accuracy

Simulation data generated by model 1
The results of simulation data generated by model 1 is shown as Fig. 1. As men-

tioned above, this simulation data is favor to AIM and AIM shows higher correct
classification rates than those of HAIM and CART. However, the performances of
HAIM are not so worse than AIM and both the correct classification rates of AIM
and HAIM are nearly 0.8. Case 1 to Case 4 show the similar results. Therefore, the
cases of the correlation between xc

1 and xuc
1 with r = 0.6, the correlation between xc

1
and xc

2 with r = 0.6 and the correlation between xuc
1 and xuc

2 with r = 0.6 shows the
similar correct classification rates as the case of each explanatory variable is gener-
ated independently. Additionally, for each method the correct classification rates tend
to be higher with increasing size of the training data.

Simulation data generated by model 2, model 3 and model 4
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Fig. 2 The results of simulation data generated by model 2

The results of simulation data generated by model 2, model 3 and model 4 is
shown in Fig. 2, Fig. 3 and Fig. 4. The Model 2 and Model 3 is step function. How-
ever, unlike the Model 1, the Model 2 and Model 3 sets multi-threshold for each
explanatory variable. Therefore, the Model 2 and Mode 3 tends to be more linear
than the Model 1. The Model 4 is linear model. The correct classification rates of
HAIM tend to be higher than those of AIM and CART in these simulation data. Es-
pecially, we the data is generated by Model 3 and Model 4, the correct classification
rates of HAIM are high and almost over 0.8. Furthermore, the correct classification
rates of Case 2, Case 3 and Case 4 tends to be higher than those of Case 1. Hence, the
cases of the correlation between xc

1 and xuc
1 with r = 0.6, the correlation between xc

1
and xc

1 with r = 0.6 and the correlation between xuc
1 and xuc

1 with r = 0.6 can improve
the correct classification rates of each method. Same as above, for each methods the
size of training data is large, the correct classification rate tends to be higher.
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Fig. 3 The results of simulation data generated by model 3

Simulation data generated by model 5
The results of simulation data generated by model 5 is shown in Fig. 5. As ex-

plained above, this simulation data is favor to HAIM and HAIM shows much higher
correct classification rates than those of AIM and CART. Especially, when the size
of training data is over 300, the correct classification rates almost achieve 0.85 and
better than the data generated by other models. Moreover, the correct classification
rates of Case 1 and Case 2 are similar, but those of Case 2 and Case 4 are higher than
those of Case 1 and Case 2. It shows that when the true model is model 5, the corre-
lation between xc

1 and xc
1 with r = 0.6 lead the same results as the each explanatory

variable is generated independently. Additionally the correlation between xc
1 and xc

1
with r = 0.6 and the correlation between xuc

1 and xuc
1 with r = 0.6 improve the cor-

rect classification rates when the generation model is model 5. Also, the large size of
training data can improve the correct classification rates for each method.
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Fig. 4 The results of simulation data generated by model 4

Summary
According to these simulations, we can see the correct classification rates of AIM

are little higher than those of HAIM when the simulation data are generated by model
1. However, when the simulation data are generated by model 2, model 3, model 4
and model 5 the correct classification rates of HAIM are higher than those of AIM.
The model 1 is favor to AIM and model 5 is favor to HAIM. Therefore, the correct
classification rates of AIM are highest in model 1 and those of HAIM are highest
in model 5. The model 2 and model 3 are step functions and the model 4 is linear
models, it shows that the correct classification rates of HAIM tend be higher when
the generation model tend to be linear, but those of AIM tend to be lower.

Concentrate on the correlation within the explanatory variables. In model 1, the
correct classification rates of HAIM are not affected by the correlation within the
explanatory variables. In model 2, model 3 and model 4 the correlation between xc

1
and xuc

1 with r = 0.6, the correlation between xc
1 and xc

1 with r = 0.6 and the correlation
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Fig. 5 The results of simulation data generated by model 5

between xuc
1 and xuc

1 with r = 0.6 improve the correct classification rates of HAIM.
In model 5, only the correlation between xc

1 and xuc
1 with r = 0.6 and the correlation

between xc
1 and xc

1 with r = 0.6 effect the correct classification rates of HAIM. We
can see that in model 1 each variable is assigned to the one index functions and in
model 5 each controllable variable is assigned to one index function.

Summarize the results of the simulation, we can see the HAIM have two features:

– the correct classification rate of HAIM is higher than AIM when the structure of
data tends to be linear.

– the correlation within the explanatory variables can improve the correct classifi-
cation rate of HAIM when the structure of data tends to be linear.
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5 Real example

In this section, through a dataset of real example, we show the interpretability of the
result of HAIM, AIM and CART. The result of AIM and HAIM will be shown and
the result of CART will be provided to compare the result of AIM and HAIM from
the perspective of the interpretation.

The dataset is a case study using a survey regarding tourist satisfaction in sev-
eral ancient towns in Chengdu, China provided by Liu et al. (2017). The aim of the
survey is to interpret the influence factors of tourist satisfaction. The sample size is
545, and the tourist satisfaction of the ancient town evaluated through ”satisfaction”
and ”unsatisfaction” as the binary response variable. Table 2 contains 26 influence
variables that are considered as explanatory variables related to the binary response.
These variables are evaluated by five-segment rating method.

We would like to get a set of indices which can help us to distinguish whether a
tourist is satisfied with the ancient town. According to that we can easily calculate the
number of satisfied tourists and know the influence variables mainly contribute to the
satisfaction which can give us useful information about tourist satisfaction of ancient
town. In addition to that, it is necessary to consider whether this information can be
used to improve tourist satisfaction, because it is impossible to improve tourist satis-
faction even if we could interpret the features of variables that do not lend themselves
to intervention. For example, both the landscape and cleanliness of ancient town can
influence the satisfaction of tourists. The cleanliness of ancient town can be easily
improved by cleaning. However, the landscape of ancient town is always strictly pro-
tected by policy and impossible to be changed by intervention. Therefore, we would
like to determine indices based solely on controllable variables.

We divided the explanatory variables into controllable variables and uncontrol-
lable variables. For the classification of these variables, see Table 2. In this real ex-
ample, controllable variables are considered as capable of being influenced by inter-
vention, such as the cleanliness of the tourist spot, the kind of amusement provided,
and the expression of traditional life. Uncontrollable variables are considered as in-
capable of being influenced by intervention.

We apply HAIM and AIM to the data and estimate the optimal number of binary
rules K using tenfold cross-validation. Figure 6 shows the cross-validated score test
statistics for each K of HAIM and AIM where cross-validated score test statistics
is calculated through the mean of test statistics for each K. In HAIM K = 2 and in
AIM K = 3 is selected since the corresponding cross-validated score test statistics is
highest. Therefore, we apply HAIM with K = 2 and AIM with K = 3.

The result of the application is shown in Table 3. We can see that both the indices
of HAIM and AIM consist of “Q1. Enjoyment of Local Life”, “Q2. Verbal Introduc-
tion to Traditional Life”. It indicates that the tourists of ancient towns would like to
enjoy the traditional life. The“Q1. Enjoyment of Local Life” is evaluated quite strictly
and only the tourists who select 4 or 5 are satisfied. It shows that tourists require the
high quality of “Q2. enjoyment of Local Life ”. However, the cut off value of “Q2.
Verbal Introduction to Traditional Life” is 1 and can be easily satisfied. Compare
the difference of HAIM and AIM, we can see the indices of HAIM only select con-
trollable variables while the indices of AIM select “Q7. Historical Buildings>3” the
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Table 2 The question of influence factors of satisfaction in Liu et al. 2017

Controllable variables
Q1. Enjoyment of Local Life
Q2. Verbal Introduction to Traditional Life
Q3. Experience of Local Traditional Life
Q4. Enjoyment of Tea Houses
Q5. Communication with Local Residents
Q6. Enjoyment of the Sichuan Opera
Q10. Green Vegetative Landscapes
Q12. Education on Local History and Culture
Q13. Enjoyment of Traditional Delicacies
Q14. Enjoyment of Non-Traditional Foods
Q15. Availability of Traditional Objects for Sale
Q16. Availability of Non-Traditional Items for Sale
Q17. Leisure and Rest
Q18. Enjoyment of Mahjong
Q19. Reunion of Family and Friends
Q20. Encounter
Q21. Street Cleanliness
Q22. Bathroom Cleanliness
Q23. Street Comfort
Q24. Enjoyment of Rest Stops
Q25. Commentary on Streets
Q26. Enjoyment of Night Life
Uncontrollable variables
Q7. Historical Buildings
Q8. Traditional Street Landscapes (Overall Atmosphere)
Q9. Waterside Landscapes
Q11. Historical Anecdotes
Response
Q. Tourists satisfaction

Table 3 Comparison between HAIM and AIM

Method Question Threshold
HAIM Q1. Enjoyment of Local Life >3

Q2. Verbal Introduction to Traditional Life >1
Q1. Enjoyment of Local Life >3

AIM Q2. Verbal Introduction to Traditional Life >1
Q7. Historical Buildings >3

landscape of ancient town which are impossible to intervene. According to the above
results, the traditional life and landscape is important for the tourists. Both “Enjoy-
ment of Local Life” and “Historical Buildings” are strictly evaluated. Although the
“Verbal Introduction to Traditional Life” is the influence factors of tourist satisfac-
tion, tourists are not care about its quality and can be satisfied easily. In addition,
we calculate the percentage of subjects who are satisfied with the binary rules of se-
lected controllable variables. The percentage of subjects who are satisfied with the
binary rule of enjoying local life is less than 50% and from the results of HAIM, we
can conclude that increasing the opportunity to enjoy local life can improve tourist
satisfaction effectively.
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Table 4 Supports of variables selected in HAIM model

Rule Percentage
I(Q1.Enjoyment of Local Life>3) 47%
I(Q2.Verbal Introduction to Traditional Life>1) 85%

0.5

0.6

0.7

0.8

0.9

1.0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Number of index

M
e
a
n
s
c
o
re

10-fold CV for HAIM (a)

2.0

2.5

3.0

3.5

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Number of index

M
e
a
n
s
c
o
re

10-fold CV for AIM (b)

Fig. 6 The result of 10-fold-cross validation, (a) is the result of HAIM and (b) is the result of AIM. The
horizontal axis shows the number of indices of HAIM and AIM. The vertical axis shows the corresponding
means of score test statistics

Here, we also apply CART to the data, and the result of CART is shown in Fig. 7.
We can confirm that the rules consist of “Q1 Enjoyment of Local Life”, “Q8. Tradi-
tional Street Landscapes (Overall Atmosphere)”, “Q17. Leisure and Rest” and “Q18.
Enjoyment of Mahjong”. We can see nearly half of the people (46%) are satisfied
with Q1(Q1 > 3) and almost all of them (90%) are satisfied with the tourist spot and
both HAIM, AIM and CART select this rule. The result of CART is good at interpret-
ing the interactions among selected variables. However, it cannot use a binary rule to
interpret the result based only on one variable and the interpretation of the CART
may be more complicated than those of HAIM and AIM.

Finally, we calculate the concordance index of HAIM, AIM and CART. The con-
cordance index of HAIM (0.83) is higher than that of AIM (0.79) and CART (0.77).
It shows that HAIM is well fitted to the data than AIM and CART. Additionally,
the correct classification rate of HAIM (0.78), AIM (0.77) and CART (0.82) is also
calculated.

6 Conclusion

In this paper, we proposed HAIM for binary response to obtain the score based only
on controllable variables with the effects of uncontrollable variables are adjusted. In
addition, we conducted numerical studies to compare the accuracy of HAIM to that
of the other methods, including AIM and CART. The results show that HAIM have
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Fig. 7 The result of CART, blue boxes show the people who is satisfied with the tourist spot, red boxes
show the people who is unsatisfied with the tourist spot. The middle of box shows the ratio of satisfac-
tion(blue) or unsatisfaction(red) of tourist spot. The bottom of box shows the percentage of tourists, who
satisfied the rules.

two features. First, the prediction accuracy of HAIM tends to be higher when the
structure of data tends to be linear. Second, the correlation within the explanatory
variables can improve the correct classification rate of HAIM when the structure of
data tends to be linear. The application of HAIM in the real example also shows that
HAIM is more appropriate than AIM in that situation. Also, the indices based only
on controllable variables are constructed and revealed how the controllable variables
affect tourist satisfaction. Furthermore, we explain the HAIM for binary response by
using logistic model to adjust the effect of uncontrollable variables. It can also extend
to survival response by using the cox regression to adjust the effect of uncontrollable
variables and construct HAIM in the same algorithm.

Our results show that HAIM has several advantages, but there are still several
future works. First, we must evaluate the results of the coefficients through testing.
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For example, the power, type I error, and bias must be evaluated. Second, effects
of variable selection for uncontrollable variables must be evaluated. Third, HAIM is
combined model for AIM and linear model. It means that HAIM is quite straight-
forward and we need to consider the nonlinear effect of uncontrollable variables. In
addition to that the effects of other kinds of response in HAIM should be considered.
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