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Introduction 

Parkinson’s disease (PD)：degenerative neurological disorder related 
to striatal dopamine deficiency 

Symptoms：slow movement, muscle stiffness and shaking 
Prevalence： 

0.1%~0.2% among the general population 
2% among people aged over 65 years. 
In Taiwan, the prevalence of PD is in a 7.9% yearly increase. 

Detection of PD：functional imaging, ex. SPECT, PET 

2 

Introduction Methods Results Conclusion 

簡報者
簡報註解
帕金森病（Parkinson’s disease; PD）是一種與紋狀體多巴胺缺乏有關的神經系統疾病，症狀包括運動緩慢，肌肉僵硬，顫抖。主要好發群體是老人，平均而言，在65歲以上的人中有2%的人會得到PD，有研究顯示，在PD的早期，通過藥物和物理療法的干預，對於PD的病的治療有非常好的效果因此如何正確診斷出病人是否患有PD及其嚴重程度是個值得研究的課題目前，透過功能性腦成像如SPECT、PET，可以有效的診斷出PD不過，主要的診斷方式還是透過人為判斷，有不少研究都試圖使用統計模型希望達成自動判別PD的目的Parkinson's disease (PD) is a neurological disease associated with striatal dopamine deficiency, whose symptoms include slow movements, muscle stiffness, and shaking.The main group is the elderly. On average, 2% of people over the age of 65 will get PD.Studies have shown that in the early stage of PD, through the intervention of drugs and physical therapy, it has a very good effect on the treatment of PD.Therefore, how to correctly diagnose whether a patient has PD and its severity is a subject worth studying.At present, PD can be effectively diagnosed through functional brain imaging such as SPECT and PET.However, the main diagnostic method is still through human judgment. Many studies have tried to use statistical models to achieve the purpose of automatically discriminating PD.



Introduction 

 Analysis Methods： 
Voxels of the complete brain + dimensional reduction 
Voxels of striatum  + feature selection or striatal binding ratio value 
Shape and intensity distribution analysis 

 Researchers have developed a number of methods for classifying subjects as either 
healthy or suffering from PD. 

We developed system including a series of methods to deal with the multi-classes 
classification problem in PD stages. 

 This system includes image preprocessing, imbalanced data preprocessing, and three 
kinds of models: traditional model, ensemble model and deep learning model. 
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Introduction Methods Results Conclusion 

簡報者
簡報註解
文獻上比較常用的幾種方法有：使用全腦的影像，再做維度縮減僅分析與PD息息相關的部位-紋狀體，提出有用的統計量或做紋狀體的shape analysis不過大部分的文獻幾乎都著墨在如何區分正常人與患有PD症狀的人，很少涉及去區分PD多個期別因此我們在論文中希望提出一系列的方法來解決PD多個期別的分類問題而這一系列的方法包含了影像前處理、資料前處理並提出三種的分類模型，希望給醫生在臨床診斷上更多幫助Several methods commonly used in the literature are:1. Use the whole brain image and then reduce the dimension2. Analyze only the striatum site that is closely related to PD, present useful statistics or shape analysis of the striatum.However, most of the literature focuses on how to distinguish between normal people and people with PD symptoms, and rarely involves distinguishing PD multiple disease stages.Therefore, we hope to propose a series of methods to solve the classification problem of PD in multiple disease stages.This series of methods includes image pre-processing, data pre-processing and three different types of classification models, hoping to give doctors more help in clinical diagnosis.



Structure 
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簡報者
簡報註解
這是整篇論文的架構圖先做基本的影像前處理然後分為兩種做法：一種是以影像一個pixel為一個單位，另一種則是直接處理影像前者會先做特徵提取，接著處理類別不平衡的問題，之後發展兩種類型的模型：traditional models與集成學習(ensemble learning)後者則是會先使用影像擴增的技術做前處理，再餵入deep learning的模型This is the architectural diagram of our analysis.We analyze SPECT functional brain images.We first do basic image and data pre-processing to eliminate some biases.Then there are two ways of doing the analysis: one is to treat each pixel in the image as one unit, and the other is to directly process the whole image.The former will do feature extraction first, then deal with the problem of category imbalance, and then develop two types of classification models: traditional models and ensemble modelsThe latter is the first to use the image amplification technology to handle imbalance and enlarge the sample size, and then feed into the deep learning model.



Dataset 

 Retrospective Experiment Designed 
 Collect Time：from March 2006 to May 2014 
 Data：99mTc-TRODAT-1 SPECT Imaging 
 Imaging Format：DICOM (Digital Imaging and Communications in Medicine) 
 Sample Size:：202 with 3D volume (128 pixel * 128 pixel * 𝑛𝑛 slices) 
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Stage Normal Stage I Stage II Stage III Stage IV Stage V 
Sample Size 6 22 27 53 87 7 
Percentage 3% 11% 13% 26% 43% 3% 

Introduction Methods Results Conclusion 

簡報者
簡報註解
本研究所使用的資料為回溯性之實驗設計，收集2006年03月至2014年05月期間，曾經進行99mTc-TRODAT-1多巴胺掃描案例之SPECT(單光子電腦斷層掃描)影像及診斷結果。影像資料數為196筆帕金森氏病案例及6筆正常案例，共202筆影像及診斷結果，其中帕金森氏病依照嚴重程度又分為5期，如表所示，第一期最輕微，第五期最嚴重The data used in this study were collected through a retrospective experimental design. The SPECT images and diagnostic results of the 99mTc-TRODAT-1 dopamine scan were collected from March 2006 to May 2014. The imaging data are from 6 normal healthy controls and 196 patients with PD, of which PD is divided into 5 stages according to the severity of illness, as shown in the table, with the first stage being the slightest and the fifth stage the most serious.



SPECT  

 Single-photon emission computed tomography 
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簡報者
簡報註解
電腦斷層掃描是一種結合gamma射線和電腦影像的診斷工具，利用gamma射線穿透人體後取得的參數資料，經電腦重組成身體切面影像，將人體組織、器官以斷面顯示。我們的資料就是腦部的SPCET(單光子電腦斷層掃描)影像將3D的腦部以n張2D的橫剖面圖組合起來S頭頂的方向，L下巴的方向A面部的方向，P後腦杓128*128Computed tomography is a diagnostic tool that combines gamma rays and computer images. Gamma rays are used to penetrate the human body to obtain parameter information, and then the images are reconstructed by the computer to display the human tissues and organs in sections.Our data is the SPCET image of the brain.SPECT reconstructs the 3D brain with n 2D cross sections.S is the direction of the top of the head, L is the direction of the chinA is facial direction, P is the hindbrain128*128



Image Preprocessing 7 

Introduction Methods Results Conclusion 

簡報者
簡報註解
提到為什麼可以透過SPECT影像來分析PD的原因配合顯影劑及特定藥物，SPECT可以分析的3D區域的生物活性。以我們的PD為例，紋狀體可以有效判定PD症狀與其嚴重程度，在圖中，兩塊月牙灣的地方就是紋狀體，正常人的亮度較高，不正常則亮度低，或是一邊亮一邊暗紋狀體只有5%，128*128 3D->50*50 2D



Feature Extraction – PCA 

A principle component analysis (PCA) is concerned with explaining the 
variance-covariance structure of a set of variables through a few “linear” 
combinations of these variables. 

Objectives of a principle component analysis: 
Dimension reduction: the total variability of 𝑝𝑝 variables can be accounted for by 
𝑘𝑘 principle components, where 𝑝𝑝 > 𝑘𝑘. 
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Introduction Methods Results Conclusion 

簡報者
簡報註解
特徵提取使用最常見的PCA的方法之所以要做維度縮減是因為將影像中一個pixel當作一個變數會使變數太多50*50的影像就有2500個變數希望透過PCA，用k個新變數就包含了大部分原有2500個變數的訊息
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Sample 
Size 

Training 
Data 

Testing  
Data Total 

Fold 1 161 41 202 
Fold 2 161 41 202 
Fold 3 162 40 202 
Fold 4 162 40 202 
Fold 5 162 40 202 

Introduction Methods Results Conclusion 

簡報者
簡報註解
這張圖是PCA的結果橫軸是PCA的主成分(解釋160)縱軸是累積的variance比率，例如Component 20 就是將變異從component1累加到component20，除上總共的變異量最終我們選擇前50個主成分，將原本的2500個變數縮減到只有50個變數，累積的variance比率約97%圖中5條線是5次cross-validation的結果，從圖中5條線彼此覆蓋可看出，每次cross-validation的結果是差不多的，每次都選擇50個主成分是合理的



Imbalanced Data 

 Under-sampling：This method will random pick samples from the majority classes 
until each classes is balanced or reach the requirement. The rest part of the majority 
classes samples will be ignored. 
Advantage：increasing the sensitivity of a classifier to minority class. 

Disadvantage：discard potentially useful information 

 Over-sampling：New minority  class data will  be drawn with  replacement  by the 
original data until each classes is balanced. It directly repeat the samples from the 
minority classes. 
Advantage：Unlike under-sampling, this method leads to no information loss. 

Disadvantage：It increases the likelihood of overfitting since it replicates the minority 
class events. 
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Introduction Methods Results Conclusion 

簡報者
簡報註解
imbalanced data的主流處理方式有兩種：一個是under sampling一個是over samplingunder sampling是減少majority class的樣本數讓每個類別達到個數平衡，缺點很明顯會損失掉很多訊息over sampling是重複或者說複製minority class的樣本，讓每個類別達到個數平衡，缺點是因為直接複製樣本所以有很大機會造成overfitting



Over-sampling – SMOTE 

 Step 1：Considering a sample 𝑥𝑥𝑖𝑖 belonging to 
minority class, select 𝑘𝑘 nearest-neighbors, which 
also belong to minority class. 

 Step 2： Randomly pick a sample 𝑥𝑥𝑛𝑛 from these 
𝑘𝑘 nearest-neighbors. 

 Step 3： A new sample 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛 is generated as 
follows: 

𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑥𝑥𝑖𝑖 + 𝜆𝜆 ∗ |𝑥𝑥𝑛𝑛 − 𝑥𝑥𝑖𝑖| 
 where 𝜆𝜆 is a random number in the range [0, 1]. 
 Step 4：  Repeat step 1 to step 3 until the 

minority sample size is reach the requirement. 
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簡報者
簡報註解
由於醫學影像資料的珍貴性，我們採用Over-sampling的方式來解決imbalanced problem我們並不直接複製少數類別樣本，而是使用一個叫做SMOTE演算法的方式製造出新的minority class的樣本如左圖所示紅色點是多數類，藍色點是少數類首先選擇一個少數類別的樣本xi，從最靠近他的k個少數類樣本中選擇一個xn用這個類似「線性內插(Linear interpolation)」的公式在兩個樣本間人為製造一個少數類樣本重複整個過程直到少數類的個數達到預設量



Sample Size of Training Data Before/After SMOTE 12 
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Introduction Methods Results Conclusion 

簡報者
簡報註解
右邊的長條圖顯示Training data在每次cross-validation各類的個數，進行SMOTE後可看出每個類別的個數都是一樣的了



Image Augmentation 

Image augmentation artificially creates training images through 
different ways of processing or combination of multiple processing. 

Traditional transformations：using a combination of affine 
transformations to manipulate the training data 

For each input image, we generate duplicate images that are shifted, 
zoomed in/out, rotated, flipped, distorted, or shaded with a hue. 

13 

Introduction Methods Results Conclusion 

簡報者
簡報註解
Image Augmentation人為的擴增training data的sample size需要做影像擴增是因為醫學影像通常樣本數不多，若要使用deep learning的模型又需要夠多的樣本最常見的方法是使用混合的線性二維幾何轉換來擴增樣本(affine transformation)例如：平移、放大縮小、旋轉、翻轉、錯切變換、上色等方法這些經過轉換的影像與原影像都當作training data納入模型中



Deep Learning – Image Augmentation 14 
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簡報者
簡報註解
我們進行這四種轉換方式，左邊原圖，右邊轉換的例子每個fold的每個類別在影像擴增後都是250個樣本，達到擴增樣本與平均類別的目的
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Linear Discriminant Analysis (LDA) 16 
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簡報者
簡報註解
第一個模型是LDALDA可以從簡單的機率模型透過貝氏定理導出通常會假設每個類別的data的條件分佈是多元常態且equal covariance的情況來建立每個類別的判斷式將一筆資料分到某個類別，當該類別判斷式的值最大時



Support Vector Machine (SVM) 17 
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簡報者
簡報註解
第二個模型是SVM它概念就是找到一個超平面(hyperplane)，將兩個類別如圖中的紅點與綠點，可以完美區隔開來，為了使模型可以有更好的泛化能力，SVM加入了margin的概念margin就是可以將兩個類別分開的最極端兩個超平面間的距離，最終的決策超平面就在margin的中間也就是說，SVM要做的就是讓兩類之間的margins最大化



Decision Tree (DT) – CART 
 Step 1：Let the data at node 𝑚𝑚 be represented by 𝐷𝐷𝑚𝑚. For each candidate split 𝜃𝜃 = (𝑗𝑗, 𝑡𝑡𝑎𝑎) 

consisting of a feature 𝑗𝑗 and threshold 𝑡𝑡𝑎𝑎, partition the data into 𝐷𝐷𝑙𝑙𝑛𝑛𝑙𝑙𝑙𝑙𝑚𝑚 (𝜃𝜃) and 𝐷𝐷𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑙𝑙𝑚𝑚 (𝜃𝜃) 
subsets. 

𝐷𝐷𝑙𝑙𝑛𝑛𝑙𝑙𝑙𝑙𝑚𝑚 𝜃𝜃 = 𝑗𝑗,𝑦𝑦 |𝑗𝑗 ≤ 𝑡𝑡𝑎𝑎 
𝐷𝐷𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑙𝑙𝑚𝑚 𝜃𝜃 𝐷𝐷𝑚𝑚\D𝑙𝑙𝑛𝑛𝑙𝑙𝑙𝑙

𝑚𝑚 (𝜃𝜃) 

 Step 2：For each candidate split 𝜃𝜃, the impurity at 𝑚𝑚 is computed using an impurity 
function 𝐻𝐻(⋅). For CART, 𝐻𝐻(⋅) is Gini impurity. 

𝐺𝐺 𝐷𝐷𝑚𝑚,𝜃𝜃 =
𝑛𝑛𝑙𝑙𝑛𝑛𝑙𝑙𝑙𝑙
𝑁𝑁𝑚𝑚

𝐻𝐻 𝐷𝐷𝑙𝑙𝑛𝑛𝑙𝑙𝑙𝑙𝑚𝑚 𝜃𝜃 +
𝑛𝑛𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑙𝑙
𝑁𝑁𝑚𝑚

𝐻𝐻 𝐷𝐷𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑙𝑙𝑚𝑚 𝜃𝜃  

Gini Impurity：𝑝𝑝𝑚𝑚𝑚𝑚 = 1
𝑁𝑁𝑚𝑚

∑ 𝐼𝐼 𝑦𝑦𝑖𝑖 = 𝑘𝑘𝑥𝑥𝑖𝑖∈𝑅𝑅𝑚𝑚 ⇒ 𝐻𝐻 𝐷𝐷𝑚𝑚 = ∑ 𝑝𝑝𝑚𝑚𝑚𝑚(1 − 𝑝𝑝𝑚𝑚𝑚𝑚)𝑚𝑚  

 Step 3：Select the parameters that minimize the impurity. 𝜃𝜃∗ = argmin
𝜃𝜃

𝐺𝐺(𝐷𝐷𝑚𝑚,𝜃𝜃) 

 Step 4：Recurse for subsets 𝐷𝐷𝑙𝑙𝑛𝑛𝑙𝑙𝑙𝑙𝑚𝑚 𝜃𝜃∗  and 𝐷𝐷𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑙𝑙𝑚𝑚 𝜃𝜃∗  until the maximum allowable depth 
is reached, 𝑁𝑁𝑚𝑚 < min

𝑠𝑠𝑎𝑎𝑚𝑚𝑠𝑠𝑙𝑙𝑛𝑛𝑠𝑠
𝑜𝑜𝑜𝑜  𝑁𝑁𝑚𝑚 = 1. 
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簡報者
簡報註解
Decision Tree我們採用的是CART演算法從節點m開始，用某個分割規則將該節點的資料分為左右兩塊這個分割規則是來自該節點的變數及相應的切點，有很多組可能要如何在找到最佳的組合呢？CART中使用的是Gini impurity選擇使gini impurity最小的那一組變數與切點作為該節點的分割規則重複整個過程將資料一直切分下去，直到達到指定深度或節點樣本個數小於預設的值，則停止完成DT的模型建構
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簡報者
簡報註解
第四個模型我們選的是MLP，也就是Multi-layer Perceptron(多層感知器)MLP至少包含三層結構：input layer、hidden layer、output layer其中hidden layer要幾層，每層的神經元有幾個都是可以自行設定的如這張圖，就是一個有兩層hidden layer的模型，我們有最多用到5層每層會接受上一層經過線性運算的結果，並向下一層輸出為了使模型可分類非線性的資料結構，經過線性運算後可以使用非線性的activation function做轉換，常見的有：sigmoid、hyper tangent、ReLU等output layer在輸出前可以使用softmax函數當作activation function，可處理multiclass的問題每個神經元在隱藏層會根據前一層的輸出的結果，做為此層的輸入，並且再輸出前使用指定的的激活函數做轉換
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Ensemble Learning 

Averaging methods：The driving principle is to build several 
estimators independently and then to average their predictions. On 
average, the combined estimator is usually better than any of the single 
base estimator because its variance is reduced. 
 Example：Bagging, Random Forest 

Boosting methods：Base estimators are built sequentially and one tries 
to reduce the bias of the combined estimator. The motivation is to 
combine several weak models to produce a powerful ensemble. 
 Example：Adaptive Boosting, Gradient Tree Boosting 
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簡報者
簡報註解
Ensemble learning 本身不是一個單獨的分類器，而是通過構建並結合多個分類器來完成分類。也就是通過結合多個弱分類器來得到一個強分類器有兩種主流的方式：averaging methods 與 boosting methodsaveraging methods的弱學習器之間沒有依賴關係，可以並行生成，這個方法選擇RF作為代表boosting methods的弱學習器是建立在前一個弱學習器之上，遞迴的生成，這個方法選擇Adaptive boosting作為代表



Random Forest (RF) 
 For a given number of trees 𝑇𝑇 in the 

forest and dataset 𝐷𝐷 
 (1) For 𝑡𝑡 = 1,2,⋯ ,𝑇𝑇： 

 (a) Dataset 𝐷𝐷𝑙𝑙 is drawn with 
replacement from 𝐷𝐷 at random. 

 (b) Construct decision tree 𝐺𝐺𝑙𝑙(𝒙𝒙) by 𝐷𝐷𝑙𝑙.  

 (2) For classification problem, the 
class that the most classifier vote for 
is the final class.  
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Week classifier： 
Decision Tree 

簡報者
簡報註解
事先決定要做幾棵樹，假設為T棵樹，最多200然後每一棵樹的樣本是隨機從樣本D中抽取，用取後放回的方式再使用這些樣本建造決策樹重複做T次後將結果結合成最終的強學習器如果是分類問題，則T個弱學習器投出最多票數的類別作為最終類別



Adaptive Boosting 23 

Initial Sample Weight 

Error Rate 

Update sampling weight 

Final Classifier 

Introduction Methods Results Conclusion 

Week classifier： 
SVM、DT 

簡報者
簡報註解
最多600Boosting算法的工作機制是首先從訓練集用初始權重訓練出一個弱學習器，根據弱學習的學習誤差率表現來更新訓練樣本的權重，使得之前弱學習器學習誤差率高的訓練樣本點的權重變高，使得這些誤差率高的點在後面的弱學習器中得到更多的重視。然後基於調整權重後的訓練集來訓練新的弱學習器，如此重複進行，直到弱學習器數達到事先指定的數目T，最終將這T個弱學習器通過集合策略進行整合，得到最終的強學習器。
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Introduction Methods Results Conclusion 
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Introduction Methods Results Conclusion 

簡報者
簡報註解
提到deep learning就一定會提到CNNCNN在影像識別方面的威力非常強大，許多影樣辨識的模型也都是以CNN的架構為基礎去做延伸。CNN模型也是少數參考人的大腦視覺組織來建立的模型整體的架構就是將影像輸入、透過conv layer、非線性轉換、pooling layer、自動地來做特徵值的選取(feature extraction)接著如同傳統的類神經網路模型以fully connected、來最後得出output
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Input  
Layer 

Convolution  
Layer 

Sub-sampling 
Layer 

Fully-connected 
Layer 

Softmax  
Layer 

• 𝐼𝐼 = 𝑊𝑊 ⋅ 𝐻𝐻 ⋅ 𝐷𝐷 
• 𝐼𝐼 ：size of input layer 
• 𝑊𝑊：width of input layer 
• 𝐻𝐻：height of input layer 
• 𝐷𝐷：depth or image channels 

𝐷𝐷 = 3 

Introduction Methods Results Conclusion 

簡報者
簡報註解
Input layer輸入的影像可以是灰階也可以是彩色圖片如果是彩色圖片，則會將一張圖片分成RBG三個圖像矩陣來處理，Depth=3如果像我們前面提到的SPECT影像，是灰階的，就會只有一個圖像矩陣，Depth=1
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 Transfer Learning： 
Transfer learning is a machine learning technique where a model trained on one 

task is repurposed on a second related task. 
Transfer knowledge across tasks, instead of generalizing within a specific task. 
For example, transfer image recognition knowledge from a cat recognition app to 

a radiology diagnosis. 
 

 VGG16 (Visual Geometry Group)： 
One of the best CNN model proposed (by Alex Krizhevsky et al) in 2014. 
At the ILSVRC 2014 competition, an ensemble of two VGG Networks (VGG16 

and VGG19) received a top-5 error of 7.3% 

Introduction Methods Results Conclusion 

簡報者
簡報註解
Transfer learning就是就是把已學訓練好的模型參數遷移到新的模型來幫助新模型訓練。考慮到大部分數據或任務是存在相關性的，所以通過遷移學習我們可以將已經學到的模型參數（也可理解為模型學到的知識）通過某種方式來分享給新模型從而加快並優化模型的學習效率不用像大多數網絡那樣從零學習
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Introduction Methods Results Conclusion 

簡報者
簡報註解
總共有5塊第一塊與第二塊都是做兩層conv與一層maxpool第三、四、五塊則是三層conv與一層maxpool其中，filter的大小是3*3最後加上兩層FCoutput是1000個類別的預測機率
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Introduction Methods Results Conclusion 

簡報者
簡報註解
整篇論文中提到的模型都是使用python來實現的traditional 和 ensemble model，PCA，SMOTE等前處理是引用scikits learn這個lirbrarydeep learning model與image augmentation則是使用keras，backend是tenseorflow
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Summary 
• All models perform well on Stage 4. 
• All models didn’t perform well on Stage 0 & Stage 5. 
• LDA, SVM and MLP outperformed DT. 

Model 
Train Test 

Overall  
Accuracy 

Sensitivity Overall  
Accuracy Normal I II III IV V 

LDA 88.27% 16.67% (1) 36.36% (8) 22.22% (6) 35.85% (19) 62.07% (54) 0.00% (0) 43.56% (88) 
SVM 99.95% 16.67% (1) 22.73% (5) 22.22% (6) 33.96% (18) 63.22% (55) 0.00% (0) 42.08% (85) 
DT 99.86% 0.00% (0) 31.82% (7) 11.11% (3) 30.19% (16) 37.93% (33) 0.00% (0) 29.21% (59) 

MLP 100% 16.67% (1) 36.36% (8) 22.22% (6) 30.19% (16) 63.22% (55) 14.29% (1) 43.07% (87) 
Total 202 6 22 27 53 87 7 202 

Introduction Methods Results Conclusion 

簡報者
簡報註解
sensitivity是指該類別被正確分對的比率
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Summary 
• All models performed well on Stage 4. 
• All models didn’t perform well on Stage 0 & Stage 5. 
• Averaging method RF outperformed other two 

boosting models. 

Model 
Train Test 

Overall  
Accuracy 

Sensitivity Overall  
Accuracy Normal I II III IV V 

RF 100% 0.00% (0) 27.27% (6) 14.81% (4) 33.96% (18) 72.41% (63) 0.00% (0) 45.05% (91) 
Ada+DT 100% 0.00% (0) 22.73% (5) 11.11% (3) 18.87% (10) 31.18% (28) 0.00% (0) 22.77% (46) 

Ada+SVM 62.56% 0.00% (0) 31.82% (7) 18.52% (5) 22.64% (12) 45.98% (40) 28.57% (2) 32.67% (66) 
Total 202 6 22 27 53 87 7 202 

Introduction Methods Results Conclusion 
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Summary 
• Almost every stage is about or higher than 60% accuracy 
• Normal cases can be well separated from those whom suffering with PD. 
• There are almost no difference between two optimizers. 

Model 
Train Test 

Overall  
Accuracy 

Sensitivity Overall  
Accuracy Normal I II III IV V 

RMSprop 88.04% 83.33% (5) 59.09% (13) 70.37% (19) 58.49% (31) 68.97% (60) 57.14% (4) 65.35% (132) 
Adam 86.77% 83.33% (5) 59.09% (13) 59.26% (16) 64.15% (34) 72.41% (63) 28.57% (2) 66.83% (135) 
Total 202 6 22 27 53 87 7 202 

Introduction Methods Results Conclusion 
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Traditional Models Ensemble Models Deep Learning 

Introduction Methods Results Conclusion 

簡報者
簡報註解
接著，用這張圖來比較所有的模型的分類結果橫軸是我們使用的9個模型，縱軸是正確率紅色線代表training data，黑色線代表testing data各個顏色的長條是不同stage的sensitivity代表藍色的normal control與代表stage 5的咖啡色在traditional and ensemble model幾乎看不到，幾乎分不出這兩類藍色的normal control在deep learning很高，可以將正常人與患有PD的人很好的分出overfitting 的問題在traditional ensemble比較嚴重，deep learning則相對比較沒這個問題時間成本，VGG16花最多時整體而言VGG16表現最好，traditional ensemble model則差不多，理論上ensemble是traditional的進階版，但沒有發現這個趨勢，不適用間，其餘模型則要看參數組合的多寡，因為ensemble model等於是train兩層，花的時間也比traditional model多
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Conclusion 

We developed system including a series of methods to deal with the multi-classes 
classification problem in PD stages. 

 This system includes image preprocessing, imbalanced data preprocessing, and three 
kinds of models: traditional model, ensemble model and deep learning model. 

 Overall, VGG16 outperforms other models.  
 VGG16 and its related image preprocessing is a useful and better approach to 

develop multi-classes classification model. 
 Future work： 

Take advantage of the whole 3D brain imaging. 
Investigate other advanced deep learning model, such as VGG19, ResNet50, 

Xception, Inception etc. 
 

36 

Introduction Methods Results Conclusion 



THE END 

Thank You 
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