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Abstract
Causal discovery is a fundamental problem in scientific research. Although many researchers are 
committed to finding causal relationships from observational data, large-scale causal discovery 
remains a tremendous challenge. In this work, an approach based on mutual information for tree 
network structure learning is proposed. In the first phase of our proposal, we present a skeleton 
learning method based on mutual information to discover the networks skeleton. In the second 
phase, an entropy-based direction learning approach is applied to distinguish the directions between 
nodes. It constructs the whole network of the high dimensional data sets at the end of the last 
iteration. Experimental results show that the algorithm outperforms the state-of-art information-
geometry method especially when the dimension increases.
Key words: MUTUAL INFORMATION, STRUCTURE LEARNING, CAUSAL DISCOVERY

1. Introduction
Causal discovery is a fundamental problem in the 

field artificial intelligence (AI) field. In recent years, 
many researchers have been committed to finding 
causal relationships between variables based on ob-
served data. However, the explosion of large-scale 
datasets in biomedicine and other fields has created a 
serious challenge for causal discovery algorithms, and 
causal discovery problems in high-dimensional data 
further pose a huge challenge. In this work, «scale» 
or «dimensionality» refers to the number of variables 
(or nodes) contained in a dataset (or network).

In statistics and machine learning communities, 
causal networks are commonly used to analyze the 
causal relationships among observed variables. A 
probabilistic graphical model can be constructed to 
simulate and evaluate the impact of a certain varia-
ble on other variables by running statistical signifi-
cance tests on variable combinations. In general, the 
existing causal discovery methods can be classified 
into two main categories: structure learning methods 
and direction learning methods. Structure learning                  
methods are based on the discovery of Markov                                                                              
equivalence classes [1] and include constraint-based 
methods and search-and-score methods.

Constraint-based methods, such as the PC algo-
rithm [2] and the FCI algorithm [2], assume that the 
distribution of a given dataset is Markov and faithful 
with respect to the true graph G [1], meaning that all 
conditional independence relations in the joint dis-
tribution are entailed by the Markov condition. Con-
straint-based methods estimate from the data whether 
certain conditional independence relations hold be-
tween variables applying the d-Separation criterion 
[1]. For example, in the first step of the PC algorithm, 
the variables are assumed to be adjacent. In the next 
step, the dependence of two variables is tested given 
any other subset of other variables by conducting a

conditional independence (CI) test. Using the d-Se- 
paration criterion, PC algorithm can discover the re-
lationships in a given dataset.

Search-and-score methods [3, 4, 5], which also 
fall under the structure learning approach, date back 
even further, mainly to the works [6, 7, 8] and the 
references cited therein. These methods attempt to 
find a graph that maximizes a selected score function, 
such as the Bayesian Information Criterion (BIC) [9]. 
However, the search spaces of all directed acyclic 
graphs (DAGS), each of which has a certain number 
of variables grow super-exponentially with the num-
ber of variables [4]. Some methods use greedy search 
algorithms to solve Max-Score problem by obtaining 
the optimal value. For instance, the greedy equiva-
lence search (GES) [4, 5] starts with an empty graph 
and undergoes two phases. In the first phase, edges 
are added until a local maximum of the score func-
tion is reached. In the second phase, the edges are 
removed until a local maximum is reached, and this 
local maximum is the output of the algorithm.

Although many encouraging results have been 
reported on the use of constraint-based methods and 
search-and-score methods, these types of methods 
suffer from two major drawbacks in solving large-
scale causal discovery problems. In the large-scale 
case (i.e., when a high dimensional network has many 
nodes), the accuracy and reliability of a CI test with 
a high-order set are difficult to maintain, especially 
when the number of samples is insufficient. Further-
more, because of the super exponential growth of the 
search space, the result of the selected score function 
for searching a high-dimensional graph may also be 
unreliable when the dataset is limited. Therefore, an 
increase in the data dimension introduces challen-  
ges for structure learning approaches and significant-
ly increases computational time.

The two methods also cannot distinguish between
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two (or more) Markov equivalence classes that 
entail exactly the same set of conditional inde-
pendence relations. For instance, X → Z → Y and                                                  
X ← Z ← Y. Therefore, this method may fail to ac-
curately infer the direction. Thus, this method cannot 
accurately complete direction inference. 

From our perspective, the structure learning                 
approaches face the following challenges: (1) the 
correct DAG can only be identified using the dis-
covered Markov equivalence classes (2) the accura-
cy of a high-dimensional CI test, which is generally                                                                                  
accompanied by a large conditioning set, is difficult to 
maintain; and (3) searching for a graph similar to the 
actual graph from thousands of variables is practical-
ly intractable. Thus, the distance between the inferred 
graph and the actual graph cannot be ascertained.

To address the difficulties in causal direction    
learning with existence of Markov equivalence class-
es, researchers have recently considered asymmetrical 
relationships between the cause and effect variables 
under various assumptions. One approach is Additive 
Noise Models (ANMs), which were first proposed by 
[10], and are proved to be effective under the assump-
tion that the data-generating process is linear and the 
noise distribution is non-Gaussian. This approach 
was later extended to a non-linear ANM, which was 
applied to continuous data [11, 12] and discrete data 
[13, 14]. Concretely, the ANM method suggests that, 
for two variables, x and y, such that y = f(x) + ɛ, where 
f is a nonlinear function and ɛ is a noise term statis-
tically independent of x. When the distribution P(x, 
y) allows for an ANM in one direction but not in the                                                                                                   
other, i.e., x cannot be obtained as a function of y plus 
independent noise, the former direction is inferred to 
be the causal direction (i.e., x → y). The Post-Non-
Linear (PNL) model [15] extends the identifiabili-
ty results above to allow for an additional bijective 
transformation on the data with the use of a functional 
model of the form y = g(f(x) + ɛ), where g: R → R 
is bijective. However, ANM and PNL are obviously 
feasible only for very small networks (approximately 
n < 7) [11]. When the sample size of the dataset is                                                                                               
inconsiderably large or the signal-to-noise ratio is 
low, these methods also tend to be unreliable. Con-
ventional approaches to causal inference are prima- 
rily based on Markov equivalence classes and ANMs.

More recently, some direction learning methods 
also take into account the symmetry between cause 
and effect from information geometric perspective 
[16, 17]. These methods assume that a random cause 
variable is independently generated through the                                                                                                  
invertible and deterministic mapping of its effect. 
Thus, dependencies between the density of the former
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and the slope of the latter are unlikely under the cor-
rect causal direction. An example of these direction 
learning methods is information-geometric causal 
inference (IGCI) [16]. An entropy-based version of 
IGCI can infer the direction of two variables, x and y, 
by measuring the complexity loss from density p(x) 
to density p(y). The estimation of complexity loss is 
given by Cx→y:= H(y) - H(x) = - Cy→x, where H(x) and 
H(y) denote the entropies of x and y, respectively. 
Then, through IGCI, the following inferences may be 
made: x causes y if Cx→y < 0 or y causes x if Cx→y > 0 
(as shown in Figure 1). Unlike ANM-based methods, 
information geometric methods can perform well 
when noise is low [16]. Furthermore, information                                                                                                
geometric methods have lower time complexities 
than the other existing methods. However, these 
methods are suitable for ultra-low-dimensional data. 
Thus, none of these algorithms are capable of per-
forming causality analysis effectively on high-dimen-
sional data.

Figure 1. If the structure of the density of p(x) is not 
correlated with the slope of f, then flat regions of f induce 
peaks of p(y) (Taken from [16]).

For high-dimensional causal discovery problems, 
we realize that (1) the structure learning approach can 
discover the neighbors of a target variable contained 
from a relatively low dimensional network but cannot 
infer the exact direction of causalities and (2) ANM-
based methods are useful to discover the causality 
between several variables but cannot handle high-di-
mensional data. Therefore, neither structure learning 
methods nor ANM-based methods can infer the cau-
sality in large-scale case.

Generally speaking, different causal networks 
have different relationships between their nodes, such 
as, scale-free network, sparse network, tree network 
and others have their own remarkable characteristics 
in term of the relationships between their nodes. The-
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refore, it is usually difficult or expensive to find a 
generally method to reconstruct the corresponding 
structure from an arbitrary network. In other words, 
some remarkable characteristics of a corresponding 
network should be taken account for. Tree is a wide-
ly useful network structure, in which exists at most 
one path between any three nodes. We can see that 
if there is a path connecting three nodes X-Y-Z (there 
is no V-structure existing in tree structure), two dis-
connected nodes X and Z are doom to be separated by 
the middle node Y according to d-separation criteria. 
Motivated by this point, we present a mutual infor-
mation-based structure learning method for tree net-
work (MICN). In the first phase of our proposal, we 
pre- sent a skeleton learning method based on mutual                                                                
information to discover the networks skeleton. We 
first construct the initial network with respect to the 
given data, by adding edges (undirected) between 
every two nodes (variables) to make sure each of 
pair nodes are directly connected. Note that, there 
is no triangle in tree structure. We find out all trian-
gles and for every tree node in which, i.e., X, Y and 
Z we estimate the mutual information I(X, Y), I(X, Z) 
and I(Y, Z). We present a theoretical result in section 
2 that if sets X and Y are d-separated by set Z, then 
I(X; Y) ≤ min(I(X;Z), I(Y;Z)). Because no V-struc-
ture can be contained in tree networks, every tree                                                                    
connecting nodes in the corresponding actual tree 
networks is satisfying: both sides of the nodes (X and 
Y) are d-separated by the middle one (Z). So one edge 
can be remove by mutual information test. After all 
triangles has been tested, finally we can obtain the 
tree skeleton (undirected graph) with respect to the 
corresponding given data. In the second phase, an 
entropy-based direction learning approach is applied 
to distinguish the directions between nodes. It con-
structs the whole network of the high-dimensional 
data sets at the end of the last iteration. Experimental 
results show that the algorithm outperforms the sta-                                                                                                      
te-of-art information-geometry method especially 
when the dimension increases. Our idea can summa-
rize the full map of our algorithm in Figure 2.

Figure 2. Sketch map of the full solution of structure 
learning

2. Preliminaries
2.1. d-Separation
Let P be a trail from variable 1x to y. Then P is said 

to be d-Separated by set Z iff one of the following

holds: (1) P contains a chain, x1 ← x2 ← y, where 
the middle node 2x is in Z; (2) P contains a fork,                               
x1 ← x2 → y, where the middle node x2 is in Z, or (3) P 
contains a collider x2 that x1 → x2 ← y, where the mid-
dle node 2x is not in Z and no descendant of x2 is in Z.

2.2. Conditional independence test
Conditional independence (CI) is an important 

concept in statistics. Let X, Y and Z denote sets of 
random variables. The CI between X and Y given Z, 
denoted by |X Y Z⊥ , reflects the fact that given the 
values of Z, further knowing the values of X (or Y ) 
does not provide any additional information about Y 
(or X). CI test play a central role in causal discovery 
[1]. One of the main reasons is that d-Separation cri-
terion is always employed by CI test. 

2.3. Structure learning based on mutual infor-
mation

2.3.1. Mutual information and d-separation
Information theory [18] provides an inference 

method of dependency relationship between varia-
bles. Among them, mutual information is the statisti-
cal description of the correlation between two random 
variables. Supposing I(x; y) is the mutual information 
between two discrete random variables of X and Y, 
we have:

                                                   

1 2

( , )
( ; ) ( , ) log( )

( ) ( )y Y x X

p x y
I X Y p x y

p x p y∈ ∈

= ∑∑
                 

                            

Where 1( )p x and 2 ( )p y are the independent distri-
bution probability of random variables, x and y, re-
spectively. p(x, y) is the joint probability of x and y. 
First, we show that there are some relations between 
mutual information and d-separated as follows:

Theorem 1 In a DAG, sets X andY are d-separat-
ed by set Z and iff I(X; Y|Z) = 0.

Proof If sets X and Y are d-separated by set Z and 
according to probability density definition of d-sepa-
ration criteria, sets X and Y are independently distri- 
buted given set Z. On the contrary, if X and Y cannot 
be d-separated given Z, then we have I(X; Y|Z) ≠ 0.

It can be known from Theorem 1 that conditional 
mutual information can measure conditional inde-
pendence between variables. 

Theorem 2 If sets X and Y are d-separated by set 
Z, then I(X; Y) ≤ min(I(X; Z), I(Y; Z)).

Proof First I(X;Y|Z) = I(X;Y,Z) - I(X;Z), if X 
and Y are d-separated by set Z, according to Theo-
rem 1, we have I(X;Y|Z) = 0, and then we obtain                                                                                       
I(X;Y,Z) = I(X;Z). Moreover, I(X;Z|Y) = I(X;Z,Y) - 
-I(X;Y) and the basic inequality of conditional mutual 
information I(X;Y|Z) ≥ 0, so conditional mutual infor-
mation I(X;Y,Z) ≥ I(X;Y), so we can obtain I(X;Y) ≤ 
I(X;Z). In other words, conditional mutual informa-

C:/Users/hz/AppData/Local/Yodao/DeskDict/frame/20151022090425/javascript:void(0);
C:/Users/hz/AppData/Local/Yodao/DeskDict/frame/20151022090425/javascript:void(0);
C:/Users/hz/AppData/Local/Yodao/DeskDict/frame/20151022090425/javascript:void(0);
C:/Users/hz/AppData/Local/Yodao/DeskDict/frame/20151022090425/javascript:void(0);
C:/Users/hz/AppData/Local/Yodao/DeskDict/frame/20151022090425/javascript:void(0);


Metallurgical and Mining Industry150 No.12 — 2015

Engineer pedagogics
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( ; | ) ( ; | ) ( ; , ) ( ; )I X Y Z I Y X Z I Y X Z I Y Z= = −
Similarly, we can obtain mutual information                                        
I(X;Y,Z) = I(X;Z) and conditional mutual informa-
tion I(X;Z|Y) = I(X;Z,Y) - I(X;Y) can be obtained. 
Similarly, mutual information I(X;Y) ≤ I(X;Z) can be                               
obtained. To sum up, we can obtain I(X;Y) ≤                                                                                      
min(I(X;Z), I(Y;Z)).

According to Theorem 2, we estimate the mutual 
information between every two nodes. If there are two 
nodes X and Y are d-separated given Z, as shown in 
Figure 3, then we have I(X;Y) ≤ min(I(X;Z), I(Y;Z)). X 
and Y are statistical independent given Z, so the edge 
directly connected between X and Y can be removed.

Figure 3. Mutual information test

2.3.2. Mutual information estimation based on 
continuous data

The traditional method to estimate mutual infor-
mation  from continuous data is usually based on uni-
form discretization and are calculated using Formula 
(3). However, using this method It is difficult to avoid 
losing some information about the continuous data. 
In view of this, Kraskov et al., proposed k-nearest 
neighbor-based algorithm to estimate mutual infor-
mation from two continuous variables X and Y [19].                                                                                                 
I(X;Y) = Ѱ(k) + Ѱ(N) - <Ѱ(nx + 1) + Ѱ(ny + 1)>. Where 
Ѱ is bigamma function, k is the number of near-
est-neighbors, N is the sample size of variables X and 
Y, nx and ny are the sums of k nearest-neighbors of 
variables X and Y respectively. This algorithm does 
not require many parameters and it also can obtain 
relatively reliable mutual information estimation va-
lue with a small sample size.  In our work, we use this 
me algorithm to estimate mutual information from 
continuous variables.

3. The proposed method
3.1. The framework of MICN

In the first stage of the algorithm, the high-dimen-                             
sional dataset is used to construct the initial network, 
as shown in Figure 4(a), there are edges between 
every two nodes. Then, mutual information test meth-
od based on d-separation criteria is present to remove 
redundant edges according to Theorem 2, and we 
obtain the skeleton of the network as shown in Fi- 
gure 4(b). In the second stage of the algorithm, infor-
mation-geometric method IGCI is used to orient the 
edges from the skeleton. Finally, the corresponding 
network structure of high dimensional datasets can be 
obtained, as shown in Figure 4(c).

3.2. Skeleton learning
The first stage of MICN is to learning the skeleton 

from given data, the method we presented is mainly 
based on Theorem 2, and is as follows:

Step 1 Construct the initial network X: we add 
edges between every two nodes to make sure each of 
pair nodes are directly connected. 

Step 2 For network X, and its node set                                                                                                                            
X = {x1, x2, ... , x3}, select arbitrary three connected nodes 
x1, x2 and x3 to test where the relation between them sa- 
tisfies Theorem 2, 1 3 1 2 3 2( ; ) min{ ( ; ), ( ; )}I x x I x x I x x≤
If so, nodes x1 and x3 is d-Separated by node x2, so 
there is no causality between x1 and x3, then we 
can remove the edge between them. Similarly, 
we calculate 1 2 1 3 2 3( ; ) min{ ( ; ), ( ; )}I x x I x x I x x≤ and

2 3 2 1 3 1( ; ) min{ ( ; ), ( ; )}I x x I x x I x x≤ to decide whether 
the edge x1 ̶ x2 or x2 x3 can be removed.

Step 3 Repeat Step 2 until every three nodes in 
network X are tested.

Through the above three steps, we can remove 
all the redundant edges and finally obtain the cor-
responding skeleton. This method estimate mutual                 
information between only two nodes, thus is very fast 
and efficient. The detailed of the method is shown as 
Algorithm 1:

         (a)                       (b)                          (c)

Figure 4. Processing of MICH

.

MICN includes two stages, shown as Figure 4.

Algorithm 1 Skeleton learning
Input: Datasets

1 2{ , ,..., }nX x x x= .
Output: The corresponding skeleton of X.
1: Construct the initial network X: add edges 
between every two nodes. 
2: For i = 1 to n
3: For j = 1 to n
4: For k = 1 to n
5: If i ≠ j, i ≠ k, k ≠ j and , ,i j kx x x form a triangle
6: find the two nodes of , ,i j kx x x  meet the condition: 

{ ( ; ), ( ; ), ( ; )}i j i k j kMin I x x I x x I x x , e.g., i and j.
7: remove the edge between ix and jx
8: End if
9: End for
10:  End for
11: End for
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3.3. Direction learning
The second stage of MICN is to infer direction   

using an information geometric IGCI. IGCI assume 
that a random cause variable is independently gene- 
rated through the invertible and deterministic map-
ping of its effect. Thus, dependencies between the 
density of the former and the slope of the latter are 
unlikely under the correct causal direction. IGCI 
can infer the direction of two variables, x and y, by              
measuring the complexity loss from density p(x) to 
density p(y). The estimation of complexity loss is 
given by : ( ) ( )x y y xC H y H x C→ →= − = − , where H(x) 
and H(y) denote the entropies of x and y respectively. 
Then, through IGCI, the following inferences may be 
made: x causes y if 0x yC → < or y causes x if 0x yC → >

. Unlike ANM-based methods, information geometric 
methods can perform well when noise is low. Fur-
thermore, information geometric methods have lower 
time complexities than the other existing direction 
learning methods. Here IGCI is used to infer the di-
rections of the skeleton. The detailed of this stage is 
shown as algorithm 2.

Algorithm 2 Direction learning

Input: variables x  and y .
Output: the causal direction between x and y
1: Computing the entropy ( )H x and ( )H y  of x and y  
respectively.
2: If ( ) ( )H x H y>
3:   return x y→ ;
4: End if
5: If ( ) ( )H x H y<
6: return y x→ ;
7: End if

,

4 Experiments
In this section, we describe some experiments to 

show that our approach can discover causality on 
various dimensions in both simulated and real-world 
networks. In which, we also provide comparative re-
sults of MICN with other causal inference method 
IGCI. The efficient and accurate estimation of mutual                                                                                                    
information plays a significant role in the performance 
of MICN . All the data in simulated experiments are 
continuous and the mutual information estimator is 
employed.

4.1. Experimental setup
The precise form of the data generating process 

consists of two phases: 1) structure generating phase 
and 2) data generating phase. In the structure gene- 
rating phase, we specifically generate the trees with 
{100; 300; 500; 700; 900} nodes to evaluate the                  
effect of our algorithm in different dimensions, and

the default sample size is 500. 
In the data generating phase, for the topological 

order of the structure generated above can be easily 
obtained, then the rest of variables are generated with 
the function: ( )y f x ε= + according to the topological 
order of a certain skeleton. In these experiments, the 
default function is sin( ) sin( )i i j j iy w x w x ε= ∗ + ∗ + , in 
which w is a weight of the corresponding function 
and randomized at[ 0.3, 0.7] [0.3,0.7]− −  , the default 
additive noise iε will follow uniform distribution and 
the weight is fixed at 5%. 

In the experiments of real-world, we use Cancer 
network, Asia network and Gene Link network to 
evaluate the effect of our algorithm in different di-
mensions. And node that all the three networks are 
not tree. We evaluate the performance of our approach 
by three criteria, Precision, Recall and F1, which are 
defined below:

 

{discovered causality}  {actual causality}Precision = 
{discovered causality}

{discovered causality}  {actual causality}Recall = 
{actual causality}

2 {discovered causality} {actual causality}F1 =  
{dis
∗ ∗





covered causality} {actual causality}+
      One can see that Precision is the actual fraction of 

inferred causality with respect to a true graph. Simi-
larly, Recall is the fraction of actual causality found 
by the algorithm. F1 is the organic combination of 
Precision and Recall which can be a criterion of accu-
racy to our algorithm.

4.2. Results on simulated data
In this section, we compare our method against 

IGCI, the mainstream causal inference method, under 
{100; 300; 500; 700; 900} dimensional networks, and 
the default sample size is 500.

Figure 5 (a) shows that the Recall of IGCI is slight-
ly higher than that of MICN. Both the two method 
can discover most of the actual causality.

Figure 5 (b) shows that the Precision of MICN is 
significantly better than IGCI. Most of the edges dis-
covered by MICN are accurate. While IGCI cannot 
do that. The main reason of that is IGCI cannot re-
move the redundant edges during direction learning 
without a corresponding skeleton.

Figure 5 (c) shows that the F1 of MICN is sig-
nificantly better than IGCI. It can be seen from this 
group of experiments, for the high-dimensional tree 
network, MICN owns excellent structure learning 
capacity and the performance of which is obviously 
better than that of IGCI.

D:\Document_A\Paper_A\app:ds:weight
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                           (a)                                                (b)                                                 (c)

Figure 5. Performance of MICN on different dimension

4.3. Demonstration on real data
4.3.1. Sample data set
In this subsection, we use tree real-word networks 

to evaluate our proposed method MICN, and the three 
real-word networks are as follows.

    Cancer network: a very small causal network for 
a fictitious medical example about whether a patient 
has metastatic brain cancer based on headaches, coma 
and serum calcium. It has 5 nodes, Metastasis Cancer, 
Brain Tumor, serum calcium, coma and headaches. 

Asia network: a small causal network for a 
fictitious medical example about whether a patient 
has tuberculosis, lung cancer or bronchitis, related 
to their X-ray, dyspepsia, visit-to-Asia and smoking 
status. Also called «Chest Clinic». It has 8 nodes, 
respectively VisitAsia, Tuberculosis, Smoking, 
Cancer, TborCa, Xray, Bronchitics and Dyspnea. 

Gene Link network: a high-dimensional (724 
nodes) causal network for the linkage between two 
genes. One of the genes is the human LQT syndrome 
(a rare heart disease) and the other is a genetic marker. 

4.3.2. Experimental results of real network
In this subsection, we use Cancer, Asia and Gene Link

networks to evaluate our proposed method MICN, 
we generate 2000 samples from the corresponding 
CPTs (conditional probability tables). Note that the 
three networks are not tree structure, thus it can 
evaluate the performance of our proposed method 
in more general cases. As shown in Figure 6, the 
performance of MICN is significantly better than that 
of IGCI. In Cancer and Asia networks, the Recall of 
IGCI is better than MICN, which means that most 
of the actual edges are inferred correctly by IGCI. 
But the performances of IGCI on other two criteria 
Precision and F1 seem to deviate from MICN, 
because the accuracy of IGCI is extremely lower if 
it works on multi-dimensional data without discover 
the causal skeleton. Furthermore, as shown in Figure 
7, the performance of MICN on the high-dimensional 
network Gene Link is not good enough, one of the 
main reason is that Gene Link in which 45.21% nodes 
have more than one father node, and is very different 
from tree structure. In addition, it also exactly shows 
that the MICN has good robustness on a wide range 
of different structures.

Figure 6. Comparison between MICN and IGCI assessment parameters in Cancer network (left) and Asia Network 
(right)
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Figure 7. MICN performance assessment parameters in 
Gene Link network

5. Conclusions
Using traditional Bayesian network structure 

learning algorithms to construct network structure 
from the corresponding high-dimensional data is               
often inefficient and unreliable. In this paper, we pro-
posed a fast and efficient algorithm for tree network 
structure learning, from the perspective of informa-
tion. We first estimated mutual information between 
every two nodes to construct the skeleton with re-
spect to the data. And then an information-geometry                                                                                        
method IGCI was employed to infer the directions of 
edges. Both of the two steps are very fast and efficient, 
since it is very easy to estimate mutual information 
or entropy from two (or one) variables. Moreover, as 
the show of the experimental results, the proposed                                                                                           
methods can maintain high inference accuracy with 
the data dimension increases, which outperformed 
the other learning methods.
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Discussion on the Experiment Teaching Reform for Electronic 
Measurement Technology

Li Shihong, Chen Bin

Information Technology Department, Wenzhou Academy of Agricultural Sciences, Wenzhou 25300, 
Zhejiang, China

Abstract
Targeting at the existing problems in current electronic measurement course practice teaching, 
a teaching method of implementing comprehensive experiment practice program is proposed to 
better develop students’ problem analysis ability and independent innovation capability. Through 
progressive practice, the students are required to construct a complete digital signal generator step by 
step: welding and debugging single chip processor’s minimum system and AD9850 module, checking 
its circuit functions, testing the waveforms and parameters of AD9850 module, and assembling and 
debugging the entire digital signal generator. This teaching method not only mobilizes students’ 
learning enthusiasm and achieves good teaching effect, but also cultivates their practical engineering 
application ability and improves their measuring skills and innovation capabilities, fully satisfying 
the needs of the enterprises. 
Key words: ELECTRONIC MEASUREMENT TECHNOLOGY, EXPERIMENT TEACHING, 
PRACTICE ABILITY

1. Introduction
Electronic measurement is an electronic techno- 

logy-based measuring technique. The development 
of effectively promotes the application of electron-
ic measurement and allows it to play a vital role in                                                       
people’s production and living activities. As a spe-
cialized course for students majoring in Electro-                                           
nic Information Engineering Technology, Electrical 
Engineering and Automation, Telecommunications 
Engineering Technology, Measuring and Controlling 
Technology, electronic measurement is a highly prac-

tical course that develops students’ production prac-
tice ability, comprehensive application competence 
and adaptive capability.

The following problems can be found in the prac-
tice teaching of electronic measurement in many col-
leges and universities at home and abroad: 

(1) The experimental teaching instruments are 
backward and worn-out and update slowly, failing to 
keep up with the industry’s development. 

(2) The experimental practice links mostly involve 
fundamental replication experiments and lack com-


