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Abstract 

The recent trend in the healthcare industry indicates the adoption of machine learning methodologies ranging 

from, CAD – Computer Aided Diagnosis systems to patient demand prediction for timely allocation of 

resources. Additionally, in healthcare systems including clinics, hospitals, and laboratories, an immense amount 

of data is collected daily which makes this industry a prime candidate for building innovative solutions to save 

and improve all life. Through this paper it is shown that with the availability of deep learning tools such 

applications can be created and can subsequently supplement existing practices. Different neural network 

architectures are applied including MobileNet-V2, CNN, and two variants of Vision Transformers, B16 and B8 

on the ChestX-ray8 Dataset provided by NIHCC – National Institute of Health Clinical Center. Issues such as 

class imbalance and sparsity are addressed and finally a comprehensive comparative analysis is done on the 

efficiency of all the methods used. 
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I. Introduction 

Deep learning methodologies in computer vision have been studied extensively in the healthcare 

settings. Many of the areas explored in healthcare computer vision include tumor detection, medical imaging, 

cancer detection, medical training, health monitoring, machine assisted diagnosis, remote patient monitoring and 

more [1]. It has been shown that such applications can prove to be quite effective when used with knowledge 

inherited from other subfields of artificial intelligence such as Natural Language Processing [3]. However, 

widespread adoption of these methodologies by large healthcare companies is still light years behind other 

industries, largely in part due to the lack of knowledge base of front-line healthcare workers who directly 

provide care to the patients. This lack of knowledge and understanding further builds a lack of trust in 

applications which automate patient diagnosis - ultimately causing little adoption. Companies which will be the 

early adopters of such automated tools and applications will capture market share and dominate the healthcare 

space by providing better and timely care to their patients. 

In this paper the goal is show that using the vast amount of data, that is available in the healthcare 

industry, predictive applications can be built which facilitate and supplement the workflow of physicians. More 

specifically multiple predictive models are built on chest x-rays of patients to identify the presence of thoracic 

diseases. Furthermore, optimization of these models is explored as it pertains to the overall distribution of 

different classes of diseases being diagnosed and lastly all models are compared and their effectiveness in 

classifying the different disease classifications is analyzed on a sub-sample of the entire dataset. 

 

1 .1  ChestX -ra y 8  Da ta se t  

The dataset used in this paper comes from NIHCC – The National Institute of Health Clinical Center 

and is formally known as The ChestX-ray8 dataset [4]. This is one of the largest publicly available datasets on 

chest x-rays and contains 108,948 images of chest x-rays for 32,717 patients. Working with images is a 

computationally expensive task, therefore working with available resources and for the purpose of this paper - to 

demonstrate that predictive tools can be built using open-source technologies - a sub-sample of 6000 images is 

used while preserving the class distribution. 

This is a multi-class and multi-label dataset where in many instances, patients are diagnosed with 

multiple thoracic diseases. If all the patients are binned into two groups, no finding (presence of no disease) and 

thoracic disease (presence of disease) then the classes are nearly balanced as shown in the table and the pie chart 

below. 
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However, if the dataset is left with the existing class distributions without binning, then there is a 

presence of 15 diagnoses including no finding. These diagnoses are presented along with their relative class 

frequencies in the histogram in Figure 2. From the distributions, it can be observed that the dataset is severely 

class imbalanced and patients without a disease diagnosis constitute most of the dataset. Some of the minority 

classes in the dataset include hernia, cardiomegaly, edema, emphysema, fibrosis, and pneumonia. 

  

 

Figure 1 - Actual Class Distributions 

 

1 .2  Sa mple  X -ra y  a nd  Dis ea se  Lo ca l i za t io n  

Developing a system to detect the presence of a thoracic disease is a particularly challenging task since 

many thoracic diseases are localized in certain regions of a person's chest with some diseases also overlapping 

others. Figure 3 shows a patient diagnosed with Effusion and Infiltration, whereas Figure 4 shows a patient 

diagnosed with Mass and Pleural Thickening. The presence of tumor in each case can be seen on the lower right 

side of each x-ray image. 

  

 

 

 

 

 

 

 

Figure 3 - Effusion and Infiltration Diagnosis Figure 4 - Mass and Pleural Thickening Diagnosis 
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The goal of using deep learning methods on this dataset is to address such problems by capturing 

region specific details from the pixels in the overall image. The original images are of size 1028x1028, however 

the models described in this paper are built on smaller image dimensions with the highest dimensionality used in 

building Mobile Net V2 and Convolutional Neural Network models. The different dimensions, image scaling, 

and number of channels are presented in Appendix I.  

I I .  Rela ted  Wo r k  

 

 

Wang et.al [5] conducted a thorough analysis on the ChestX-ray8 dataset. More specifically they 

created this dataset by first using dependency parsing on the radiological reports associated with each x-ray in 

the dataset to extract the presence of a disease. The extracted diseases were used to label the x-rays. They further 

one-hot encoded the labels and used 3 standard loss functions including Hinge Loss, Euclidean Loss, and Cross 

Entropy Loss. Finally, they used Weighted Cross Entropy Loss to better address the presence of sparsity in the 

encoded label vectors. To more accurately detect the local structure, in the images, as it pertained to the 

presence of diseases, they drew bounding boxes around regions which depicted tumors and used the coordinates 

of these bounding boxes as additional features in their models. The different model architectures used in their 

research include AlexNet, GoogleNet, VGGNet-16, and ResNet-50. All models were optimized for their 

performance by maximizing the Area Under the Receiver Operating Curve.  

 
I I I .  Pro ble ms  Ad dres sed  

In this paper, some of the same ideas from Wang et. al [5] are inherited. Sparsity of the labels after one-

hot encoding is adjusted by using Weighted Cross Entropy Loss. However, to address the presence of class 

imbalance an additional step is used where the class weights for each disease are adjusted in the loss function. 

 
a .  Spa rs i ty  

To solve the issue of sparsity the following Weighted Cross Entropy Loss function is inherited from Wang et. al 

[5] 

 

Figure 5 - Weighted Cross Entropy Loss 

 

I n  the  lo ss  func t io n  ab o ve   i s  se t  t o   and   i s  se t  t o   whe re  |P |  and  |N |  

a re  the  to t a l  n u mb er  o f  ‘1 ’s  a nd  ‘0 ’s  i n  the  b a t ch  o f  i mag e  l ab e l s  u sed  in  t r a in i n g .   

3.2 Class Imbalance 

In addition to adjusting sparsity as described above the loss function is also adjusted by correcting class 

imbalance. This is done by weighting the loss function by the inverse of the actual class weights as shown 

below. 

These weights are further normalized on a scale [0,1]. Class weights after adjustment of class imbalance are 

presented in Figure 6 below. 
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Figure 6 - Adjusted Class Weights 

I t  c an  b e  o b se rved  tha t  mi no r i t y  c l a s se s  a r e  we igh ted  the  mo s t  r e l a t i v e  to  the  ma j o r i t y  

c l a sse s .  

4  Infra s t ruc ture  -  To o l s  

I n  th i s  r e sea r ch  P yt ho n  i s  used  a s  t he  p ro g ra mmin g  l a ng ua ge  a lo ng  wi th  Nu mP y,  
P and as ,  Sc ik i t -Lea rn  a nd  Matp lo t l ib  fo r  d a ta  man ip u la t io n  and  Tens o rF lo w fo r  fea t ur e  
eng i nee r i ng  a nd  mo d e l i ng .  

4.1 Data Pre-processing and Feature Engineering 

Each  i mage  used  fo r  t r a in i ng ,  va l id a t io n ,  a nd  t e s t i ng  wa s  d eco d ed  based  o n  sp ec i f i c  
he ig h t  and  wid th  u sed  to  b u i ld  each  mo d e l .  Mo b i l e  Ne t  V2 and  CNN were  b u i l t  us i ng  
i ma ge  he ig h t  and  wid th  o f  2 99 x2 9 9 ,  whereas  b o th  Vis io n  Trans f o r mer  mo d e l s ,  B 1 6  and  
B 8  were  b u i l t  us in g  i mage  he ig h t  a nd  wid th  o f  2 4 4 x2 4 4 .  Each  i ma ge  t enso r  i s  f u r t he r  
aug me nted  b y r and o ml y c ro p p ing  i t ,  ad j us t ing  i t s  b r igh t nes s ,  f l i p p ing  the  i ma ge  
ho r i zo n ta l l y,  a nd  ad j us t in g  i t s  co n t r a s t .  P a r ame te r s  fo r  ad j us t me nt  o f  b r igh t ne ss  a nd  
co nt r a s t  a r e  g ive n  i n  Ap p end i x  I I .  Each  i ma ge  t e nso r  i s  f u r the r  sc a led  b ased  o n  the  
mo d e l  used .  Fo r  Mo b i l e  Ne t  V2  and  CNN i ma ges  a r e  sca led  b e t wee n  0  and  1 ,  whereas  
fo r  b o th  Vis io n  Trans fo rmer s ,  i ma ges  a r e  sca led  b e t wee n  -1  a nd  1 .  I n  ad d i t i o n ,  l ab e l s  
fo r  each  i ma ge  a r e  o ne -ho t  enco d ed .  

5 .  M a chine  Lea rning  Fra mew o rk / App ro a ch  

T he  sub -sa mp le  o f  6 0 0 0  ima ges  used  i s  sp l i t  a s  4 0 0 0 ,  1 00 0 ,  and  1 0 00  ima ges  fo r  
t r a in i ng ,  va l id a t io n ,  a nd  t e s t i n g  r e sp ec t ive l y.  Each  mo d e l  i s  t r a i n ed  and  va l id a ted  
ind iv id ua l l y  and  f ina l l y  the i r  p e r fo r mance  i s  measured  o n  the  t e s t  se t .  

5.1    Target a nd  B a se l ine  M o de l s  

Usin g  t he  s ub -sa mp le  o f  the  e n t i r e  d a ta se t ,  a s  d esc r ib ed  in  the  p r ev io u s  sec t io ns ,  4  
d i ffe r en t  mo d e l s  a r e  bu i l t ,  Mo b i l e  Ne t  V2 ,  CNN,  Vis io n  Trans fo r me r  B8 ,  a nd  Vis io n  
Trans fo r mer  B 1 6 .  Bo th  Vis io n  Trans fo r mer  mo d e l s  e mp lo y t r an s fe r  l ea rn in g  a nd  a r e  
i mp o r ted  f ro m Tenso rF lo w H ub  [ 6 ] .  Mo b i l e  Ne t  V2  i s  used  a s  the  b a se l ine  mo d e l ,  and  
a l l  o the r  mo d e l s  a r e  co mp ared  i n  the i r  p e r fo r mance  to  i t .   

5.2   Evaluation Criteria  

T he  o b j ec t ive  o f  th i s  r e sea r ch  i s  t o  s ho w t ha t  Co mp u te r  Aid ed  Diag no s i s  s ys t e ms  ca n  
b e  e ffec t ive  i s  a  c l i n i ca l  se t t i n g  to  sup p le men t  ex i s t i ng  wo rk f lo ws  o f  p h ys ic i a ns .  
Havi ng  a  s ys t e m wh ic h  can  accura te l y  d i agno se  a  d i sease  in  a  g iven  p a t i en t  i s  use fu l ,  
ho wever  inco r r ec t l y  d i agno s in g  a  p a t i en t  t ha t  d o es  no t  have  a  p r e sence  o f  a  d i sease  
can  ha ve  se ve re  nega t ive  co n seq ue nces  r an g ing  to  u nneed ed  t r ea t men t s ,  ad d i t io na l  
med ica l  exa ms  a nd  t e s t s ,  and  d eve lo p me nt  o f  fu r t he r  p o ten t i a l  co mp l i ca t io n s  r e s u l t i n g  
fo r  t ak in g  u n need ed  med ica t io n .  Keep ing  t h i s  ma t t e r  und e r  co ns id e r a t io n ,  i t  i s  j us t  a s  
i mp o r tan t  t o  co n t ro l  t h e  p r e sence  o f  Fa l se  P o s i t i ve  a s  i t  i s  t o  id en t i fy  True  P o s i t ive s .  
I n  o rd e r  to  acco unt  fo r  th i s  p heno me no n,  each  mo d e l  i s  o p t imiz ed  fo r  P rec i s io n ,  
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Reca l l ,  and  O vera l l  Ac curac y a s  sho wn  b e lo w.  

 

 

 

W here  TP,  T N,  FP,  and  FN d eno te  True  P o s i t iv es ,  True  Nega t i ves ,  Fa l se  P o s i t ives ,  a nd  
Fa l se  Ne ga t i ves .   

5 .3   M o de l  Per fo rma nce  

Mo d e l  P e r fo rma nce  fo r  each  mo d e l ,  b a sed  o n  P rec i s io n ,  Reca l l ,  a nd  F1 -Sco re ,  o n  t he  
t e s t  se t ,  a lo n g  wi th  t r a in i ng  and  va l id a t io n  Lo ss  and  Acc urac y,  o n  the  t r a in i n g  a nd  
va l id a t io n  se t s ,  i s  p r e sen ted  i n  t he  sec t io n s  b e lo w.  Fo r  P rec i s io n ,  Reca l l ,  a nd  F1 -
Sco re ,  t h r e sho ld s  fo r  p red ic t io ns  a r e  o p t i mized  fo r  each  d i sease  c l a s s i f i ca t io n .  

I – Mobile Net – V2 

Mo b i le  Ne t  V2  i s  used  a s  the  b a se l ine  mo d e l  t o  so lve  t h i s  p ro b le m.  The  mo d e l  i s  b u i l t  
us i n g  RE LU ac t i va t io n  fo r  the  co nvo l u t io na l  and  d ense  l a ye r s  wi t h  a  d ro po ut  r a t e  o f  
0 .1 5 .  I n  the  o u tp u t  l a ye r  o f  t he  mo d e l  S i g mo id  ac t iva t io n  i s  u se d .  F igure  7  s ho ws  
P rec i s io n ,  Reca l l  a nd  F 1 -Sco re  fo r  Mo b i l e  Ne t  V2  and  F ig ure  8  s ho ws  the  t r a in in g  a nd  
va l id a t io n  lo s s  and  acc urac y c urves .  

 

 

 

 

 

 

 

 

 

 

 

Figure 7 - Mobile Net V2 - Precision, Recall, and F1-Score 

I t  c an  b e  o b se rved  tha t  t h i s  mo d e l  d o es  no t  p e r fo r m we l l  o n  mino r i t y  c l a sse s  p r e se n t  i n  

the  d a ta se t  and  t e nd s  t o  c l a ss i fy  ma j o r i ty  o f  t he  i ma ge s  a s  “no _ f i nd i ng”  i . e .  p r e sence  

o f  no  d i sease .  

II – CNN 

The CNN model is also built by using RELU activation in the convolutional and dense layers along with 

Sigmoid activation in the output layer. In addition, a dropout rate of 0.25 is used prior to the output layer. Figure 

Figure 8 – Mobile Net Loss and Accuracy Curves 
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9 shows Precision, Recall and F1-Score for the CNN model and Figure 10 shows training and validation loss 

and accuracy curves. 

 
 

 

             Figure 10 - CNN - Precision, Recall, and F1-Score 

 

 

            Figure 9 - CNN - Precision, Recall, and F1-Score 

T he  CNN mo d e l  ga ve  in fe r io r  p e r fo rma nce  co mp ared  to  the  Mo b i l e  Ne t  V2  mo d e l .  
Even  t ho u g h  i t  wa s  a b le  to  cap ture  mo re  d i sease  c l a s s i f i ca t io n s ,  ma j o r i ty  o f  t he  
i ma ges  were  g i ve n  a  ma j o r i ty  l ab e l  o f  “no _ f i n d ing” .   

III – Vision Transformer B16 

T he  Vis io n  Trans fo r me r  B1 6  Mo d e l  i s  imp o r t ed  f ro m Tenso rF lo w H u b .  T h i s  mo d e l  has  
i t s  p a r a me te r s  f i ne - t u n ed  o n  the  I ma geNe t -1 k  d a ta se t .  I n  ad d i t io n ,  t he  mo d e l  i s  g i ven  
an  o u tp u t  l a ye r  wi t h  S ig mo id  ac t i va t io n .  F ig ure  11  sho ws  P rec i s io n ,  Reca l l  a nd  F1 -
Sco re  fo r  the  CNN mo d e l  and  F igure  1 2  shows  t he  t r a in i ng  and  va l id a t io n  lo ss  and  
accurac y c urves .  
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T he  Vis io n  Trans fo r me r  B1 6  p e r fo rmed  b e t t e r  t han  b o th  the  Mo b i l e  Ne t  V2  and  
the  C NN mo d e l  a nd  wa s  ab le  to  cap ture  mo re  d i sea se  c l a s se s .  Ho we ver,  i t  s t i l l  
su ffe r ed  f ro m t he  cas e  o f  no t  b e ing  ab le  to  c l a ss i fy  mino r i t y  c l a sse s  a nd  o ve r  
c la ss i f i ed  i mage s  a s  “n o _ f ind in g” .  

IV – Vision Transformer B8 

T he  Vis io n  Trans fo r me r  B 8  mo d e l  i s  a l so  i mp o r ted  f ro m Tenso rF lo w H ub ,  and  
i t s  p a r ame te r s  a r e  f ine - tuned  o n  the  I ma geNe t -1 K d a ta se t  a s  we l l .  I n  ad d i t io n ,  fo r  the  
o u tp u t  l a ye r  S i g mo id  ac t iva t io n  i s  used .  F ig ure  1 3  sho ws  P rec i s io n ,  Reca l l  and  F1 -
Sco re  fo r  the  CNN mo d e l  and  F igure  1 4  shows  t he  t r a in i ng  and  va l id a t io n  lo ss  and  
accurac y c urves .  

 

 

 

 

 

  

 

 

 

 

 

 

 

T h i s  mo d e l  p e r fo r med  s ig n i f i ca n t l y  b e t t e r  t ha n  the  o the r  mo d e l s  an d  wa s  ab le  to  
cap ture  s ig n i f i ca n t l y  mo re  d i sease  c l a s s i f i c a t io ns .  I t  a l so  d id  no t  o ve r l y  c l a ss i fy  
i ma ges  a s  “no _ f i nd in g ”  r e l a t ive  to  the  o the r  d i sease  c l a ss i f i ca t io ns ,  ho we ver  th i s  
mo d e l  a l so  l ac ked  i n  c l a ss i fy in g  t he  mi no r i t y  c l a s se s  s uch  a s  Her n ia ,  F ib ro s i s ,  and  
P neu mo nia .   

6  Co mpa ra t iv e  Ana ly s i s  

Amo n gs t  a l l  t he  mo d e l  a r ch i t ec t ur e s  u sed ,  t he  Vi s io n  Trans fo r mer  B 8  mo d e l  p e r fo r med  
b es t  ac ro ss  a l l  eva lua t i o n  me t r i c s  inc lud i ng  P rec i s io n ,  Reca l l ,  and  F1 -Sco re .  F ig ure  1 5  
and  Tab le  2  sho w a  we i g h ted  ave rage  o f  P rec i s io n ,  Reca l l ,  and  F1 -Sco re  fo r  each  
mo d e l  ac ro ss  a l l  d i seas e  c l a sse s .  

 

 

 

  

 

 

 

 

Weig hted  Av era g e  Prec i s io n  Reca l l  F1 -Sco re  

M o bi leNet -V2  0 .2 1  0 .2 8  0 .1 9  

CNN  0 .2 0  0 .2 9  0 .2 0  

Vis io n  Tra nsfo r mer 
B 1 6  

0 .2 5  0 .4 1  0 .3 1  

Vis io n  Tra nsfo r mer B 8   0 .2 7  0 .4 7  0 .3 3  

Table 1 - Model Comparison 

  Figure 13 – B8 - Precision, Recall, and F1-Score 

Figure 14 - B8 Loss and Accuracy Curves 
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Figure 15 - Model Comparison 

 

Al t ho ug h  the  v i s io n  t r ans fo r mer  mo d e l s  o u tp e r fo r med  Mo b i l e  Ne t  V2  and  CNN,  the i r  

p e r fo rma nce  i s  s t i l l  no t  o p t ima l  fo r  a  co mp u t e r  a id ed  d iagno s i s  s ys t e m.  Ho we ver,  i t  

c an  b e  o b se rved  tha t  t r ans fe r  l ea rn i n g  can  b e  a  use fu l  t ech niq ue  in  a  hea l t hca re  

se t t i ng .  An exa mp le  x - r a y u s i ng  Vis io n  Tr ans fo r mer  B 8  wi t h  ac tua l  and  p r ed ic t ed  

l ab e l s  i s  s ho wn b e lo w.  

 

Pred ic t ed  la be l ( s ) :   
Ate lec ta s i s ,  E ffus io n ,  I n f i l t r a t io n  
 
Ac tua l  la be l ( s ) :   
In f i l t r a t io n  

 

 

 

Figure 16 - Model Comparison 

 

De ta i l ed  r e su l t s  b y each  d i sease  c l a s s ,  f r o m a l l  mo d e l s ,  a r e  p r e sen ted  a s  t ab le s  in  
Ap p end i x  I I .  

7  Co nc lus io n  a n d  Future  Co ns idera t io ns  

So me  o f  t he  ke y t a kea wa ys  f ro m t h i s  r e sea r c h  a r e  tha t  i ma ge  c l a s s i f i ca t io n  i s  a  
r e l a t ive l y co mp lex  t a s k ,  and  i t  i s  even  mo re  co mp le x  whe n  ap p l i ed  in  a  hea l thca re  
se t t i ng ,  p a r t i cu la r l y  in  the  ca s e  o f  x - r a y i ma g es  d ue  to  the  lo ca l  s t r uc tur e  o f  d i ffe r en t  
d i seases .  I t  i s  a l so  no t ed  tha t  i nacc ura te l y  d i agno s in g  p a t i e n t s  fo r  d i seases  whic h  t he y  
d o  no t  have  ca n  have  un wanted  co n seq ue nces ,  and  the r e fo re  d ur in g  mo d e l  b u i ld in g  i t  
i s  i mp o r t an t  t o  ca r e fu l l y  id en t i fy  wh ic h  ev a lua t io n  me t r i c s  need  to  b e  o p t imized  
d ur in g  t r a in i n g  and  va l id a t io n .  C ho ice  o f  a  l o ss  fu nc t io n  ca n  a l so  have  a  s ig n i f i ca n t  
i mp ac t  o f  the  f i na l  o u t co me  a s  we l l  a s  the  t r ea t me nt  o f  enco d ing  mul t i - l ab e l  o u tp u t s .  
I n  ad d i t io n ,  t h r e sho ld s  used  to  c l a ss i fy  o u tp u t s  can  va r y ac ro ss  c l a ss e s ,  and  need  to  b e  
o p t imized  to  ge t  b e t t e r  p r ed ic t io ns .  

Al t ho ug h  t he  mo d e l s  u sed  in  t h i s  p ap e r  a r e  b u i l t  a nd  t e s t ed  o n  a  s u b -sa mp le  o f  
the  e n t i r e  d a ta se t ,  g i ve n  mo re  co mp uta t io na l  r e so urces  t he  me tho d s  d esc r ib ed  in  th i s  
p ap e r  can  b e  sca led  to  the  en t i r e  d a ta se t .  Due  to  the  d a ta  hun gry na t ur e  o f  d eep  
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l ea rn in g  me tho d s ,  mo d e l  t r a in in g  and  va l id a t i o n  o n  mo re  d a ta  can  po ten t i a l l y  i mp ro ve  
the  o u tco me  fo r  each  mo d e l .  I n  ad d i t io n  to  l a rge  sca le  t r a i n i ng ,  o t he r  lo ss  fu nc t io ns  
suc h  a s  E uc l id ean  Lo s s  and  Hi n ge  Lo ss  ca n  b e  used  a lo n g  wi t h  va ry in g  b a tch  s i ze s  
d ur in g  t r a in in g .  F i na l l y,  man y  d i ffe r en t  mo d e l  a r ch i t ec t ur e s  can  b e  e x p lo red  in  so lv i ng  
th i s  p ro b le m inc lud i ng  l a rge  sca le  p r e - t r a i ned  i ma ge  mo d e l s  s uc h  a s  t he  ma n y va r i a n t s  
o f  I ncep t io n  and  ResNe t  mo d e l s .  

T hro ugh  th i s  p ap e r  i t  i s  sho wn t ha t  u s i ng  o p en-so urce  to o l s  th e  a r ea  o f  
co mp ute r  a id ed  d iagno s i s  ca n  b e  exp lo red  and  ap p l i ca t io ns  whic h  i nco rp o ra te  mo d e l s  
fo r  d i agno s i n g  p a t i en t s  can  b e  b u i l t .  I t  i s  a l so  sho wn tha t  t r a ns fe r  l ea rn in g  can  p ro ve  
to  b e  a  use fu l  t ec hniq ue  a s ,  o n  a  s ub - sa mp l e  o f  the  d a ta se t ,  i t  i s  ab le  to  gene ra l i ze  
b e t t e r  r e l a t ive  to  t r a in ing  mo d e l s  f ro m the  b eg in n i n g .  B ui ld i ng  s uc h  i n t e l l i ge n t  and  
au to ma ted  s ys t e ms  ca n  p ro ve  to  b e  ex t r e me l y  b ene f i c i a l  s i nce  i t  c a n  s ave  t i me  r eq u i r ed  
to  d i agno se  a  p a t i en t  and  a l so  p ro v id e  a n  ad d i t io na l  so urce  o f  va l id a t io n  fo r  t he  
d i agno s i n g  p h ys ic i a ns .  

Appen dix  I  

I mage  d i men s io na l i t y,  Sca l in g ,  and  C ha nne l s  p e r  mo d e l .  

  

Appen dix  I I  

Da ta  Pre -pro cess ing  P a ra meters  

 

B r ig htness  –  M a x De l ta  6 3 /2 5 5  

Co ntra s t  Lo w er  0 .2  

Co ntra s t  Upper  1 .8  

Addi t io na l  hy per-pa ra meter s  

 

B a tch  S ize  1 5  

Shuf f l e  B uf f er  2 0 *b a tch_ s ize  

Va l ida t io n  B a tch  S ize  1 0  

Deta i l ed  M o de l  Resu l t s  

M o bi l e  Net  V2  
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MobileNet-V2

Class precision recall f1-score support

atelectasis 0.16 0.09 0.11 136

cardiomegaly 0.07 0.05 0.06 40

consolidation 0.00 0.00 0.00 63

edema 0.00 0.00 0.00 39

effusion 0.26 0.07 0.11 194

emphysema 0.00 0.00 0.00 44

fibrosis 0.00 0.00 0.00 20

hernia 0.00 0.00 0.00 1

infiltration 0.34 0.09 0.14 265

mass 0.13 0.10 0.11 69

no_finding 0.37 0.94 0.54 369

nodule 0.07 0.07 0.07 57

pleural_thickening 0.00 0.00 0.00 37

pneumonia 0.00 0.00 0.00 28

pneumothorax 0.00 0.00 0.00 115

micro avg 0.32 0.28 0.30 1477

macro avg 0.09 0.09 0.08 1477

weighted avg 0.21 0.28 0.19 1477

samples avg 0.36 0.38 0.36 1477  

CNN  

CNN

Class precision recall f1-score support

atelectasis 0.10 0.04 0.06 121

cardiomegaly 0.07 0.02 0.03 47

consolidation 0.10 0.03 0.04 80

edema 0.00 0.00 0.00 43

effusion 0.16 0.04 0.07 194

emphysema 0.00 0.00 0.00 38

fibrosis 0.00 0.00 0.00 23

hernia 0.00 0.00 0.00 3

infiltration 0.23 0.03 0.06 212

mass 0.00 0.00 0.00 52

no_finding 0.41 0.95 0.57 408

nodule 0.02 0.02 0.02 55

pleural_thickening 0.00 0.00 0.00 33

pneumonia 0.00 0.00 0.00 24

pneumothorax 0.22 0.05 0.08 88

micro avg 0.35 0.29 0.32 1421

macro avg 0.09 0.08 0.06 1421

weighted avg 0.20 0.29 0.20 1421

samples avg 0.39 0.41 0.40 1421  

Vi s io n  Tra nsfo r mer B 1 6  

Vision Transformer B16

Class precision recall f1-score support

atelectasis 0.17 0.19 0.18 134

cardiomegaly 0.00 0.00 0.00 44

consolidation 0.11 0.29 0.16 68

edema 0.09 0.17 0.12 29

effusion 0.31 0.46 0.37 178

emphysema 0.09 0.07 0.08 45

fibrosis 0.07 0.14 0.10 14

hernia 0.00 0.00 0.00 3

infiltration 0.24 0.29 0.26 217

mass 0.13 0.21 0.16 73

no_finding 0.45 0.81 0.58 395

nodule 0.13 0.24 0.17 63

pleural_thickening 0.11 0.16 0.13 45

pneumonia 0.00 0.00 0.00 20

pneumothorax 0.19 0.25 0.21 101

micro avg 0.27 0.41 0.33 1429

macro avg 0.14 0.22 0.17 1429

weighted avg 0.25 0.41 0.31 1429

samples avg 0.37 0.47 0.39 1429  
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Vis io n  Tra nsfo r mer B 8  

Vision Transformer B8

Class precision recall f1-score support

atelectasis 0.14 0.57 0.22 115

cardiomegaly 0.13 0.05 0.07 44

consolidation 0.12 0.36 0.18 58

edema 0.09 0.36 0.15 39

effusion 0.27 0.41 0.32 172

emphysema 0.00 0.00 0.00 36

fibrosis 0.00 0.00 0.00 18

hernia 0.00 0.00 0.00 5

infiltration 0.32 0.55 0.41 221

mass 0.10 0.36 0.16 76

no_finding 0.52 0.68 0.59 394

nodule 0.08 0.11 0.09 54

pleural_thickening 0.08 0.39 0.13 49

pneumonia 0.00 0.00 0.00 14

pneumothorax 0.13 0.47 0.21 98

micro avg 0.23 0.47 0.31 1393

macro avg 0.13 0.29 0.17 1393

weighted avg 0.27 0.47 0.33 1393

samples avg 0.35 0.50 0.38 1393  
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