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ABSTRACT 
 

Forecasting the medical device foreign trade is a very important issue and a challenging problem due to many external artifacts 

in the medical device market for making an efficient policy. Many reports, including the simple statistical based methods do 

not provide sufficient forecasting for foreign trade and this problem may be solved using a machine-learning based approach. 

The purpose of this study is to introduce an efficient model for forecasting medical device foreign trade. In this respect, export 

and import data obtained with 54 different commodity codes were performed using some machine-learning algorithms. The 

best prediction performance was achieved with SVM regression model with the average R2=0.974 and for the last five years. 

In 2025, total medical device exports and imports are expected to be $1.03 billion and $2.12 billion, respectively. We also 

performed Market Penetration Index and Product Diversification Index to analyze medical device foreign trade. 
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1. INTRODUCTION 
 

Medical device industry, includes different dynamics and many stakeholders, and needs rapid change in 

multidisciplinary cooperation depending on the developing technology. It is one of the fastest growing 

sectors with over $400 billion in the world. The countries with higher income have a manufacturer role 

and they are generally main suppliers in the world. It is a crucial point to present the current state of 

medical device market and to forecast foreign trade for further analysis to increase the market size and 

collaborations with better policies. For this purpose, research companies have published many reports 

including foreign trade and market size forecasts for the following years. However, the approaches 

presented in these reports are usually based on simple statistical methods such as correlation, and reveal 

estimates far from the values actually achieved [1, 2]. Exports and imports of all countries are available 

in the Trade Map database [3] and these statistics play an important role to understand the bilateral 

relationships between the countries, economic development and globalization [4]. In an analysis based 

on statistical methods such as only correlation, it is more difficult to take into account the parameters 

originating from the internal dynamics of the sectors. Therefore, using machine-learning approaches can 

provide more advantages. Recently, the approaches using learning models has become more popular in 

international trade and market analysis, but there are a limited number of studies in this framework. Sun 

et al. has reported that radial basis function based regression model outperforms the other regression 

models in gross domestic product forecasting [5]. Another study conducted by [6] also proposed an 

ensemble SVM model, which uses general economic parameters such as the inflation rate and exchange 

rate to estimate China's total export and import volumes. In our opinion, the weak side of the previous 

studies is to use the values of the previous and next years together in the model learning phase of these 

studies while predicting the foreign trade statistics of a year. In fact, it is not possible to use the data of 

the coming years, which have not been obtained yet, in a model developed to make a future estimation. 

For this reason, if the data of which year is to be estimated in a proposed model, only the data obtained 

from previous years should be used. Analyzing each sector by evaluating its dynamics together can 
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contribute to policies that are more effective. For this reason, it is very important to conduct a detailed 

analysis of the medical device industry, which is among the important and strategic sectors. Although 

determining the commodity codes used in international trade of medical devices is a separate challenge, 

as far as we know, there is no analysis in this direction in the literature. This requires knowledge and 

experience in medical device legislation and technical perspective. The medical device industry is 

regulated all over the world with the specific regulations and it is a sector that requires many parameters 

to be taken into account. Turkey is among the list of candidate countries for European Union 

membership and the same directives in [7-9] are applied. In this study, the current state of medical device 

market is presented, and a machine learning based model was proposed to forecast Turkey’s medical 

device foreign trade. 

 

2. MATERIALS AND METHODS 

 

2.1. Data collection 

 

In this study, Turkey's foreign trade in billion $ between the years 2001-2019 were used. The data are 

collected from the International Trace Centre TradeMap database [3] using 54 HS6-digit Customs Tariff 

Statistics Position (CTSP) commodity codes (Supplementary File 1). The number of the observations in 

the dataset is 19 from 2001 to 2019 for each commodity code. Every commodity code may include 

multiple medical devices and so it is an another issue to distinguish the medical device associated 

commodity codes. To our knowledge It is known that there is not a distinct rule to define the commodity 

codes for target products. Technological content, raw-material used and special customs regime are 

some of the parameters in assigning a commodity code for a product and this is an international code 

system. There is not any previous study in which the medical device associated commodity codes have 

been investigated.  All products are classified according to their usage target area such as consumable, 

optical, therapeutic, diagnostic imaging, dental, orthopaedics-prosthetics, hospital furniture, patient aids, 

in-vitro diagnostics and other medical devices. 

  

2.2. Market Penetration Index 
 

Market penetration index (MPI) is a measure of what degree total import demand of a product is satisfied 

by import from a country and MPI of product k for country m is expressed as below; 

 

𝑀𝑃𝐼𝑚𝑘 =
𝑀𝑚𝑘

𝑗

𝑀𝑚𝑘
𝑤−𝑗  × 100                                                    (1)       

 

where  𝑀𝑚𝑘
𝑗

refers to import value of product 𝑘 from country 𝑗 while  𝑀𝑚𝑘
𝑤−𝑗

 refers to import value of 

product 𝑘 from out of country 𝑗 for country 𝑚. A greater MPI index means that tendency mostly prefers 

to import product 𝑘 from country 𝑗 [10].  This parameter was used in many studies conducted for 

different sectors [11-12]. 

 

2.3. Product Diversification Index 

 

Product diversification index (PDI), which is the inverse of the Herfindal Index, is a metric that shows 

the degree of export concentration of a country for all products. In general, diversification reduces the 

dependency on the small product number in foreign trade and a country’s vulnerability to external 

artifacts [13]. Demand-side shocks in domestic market affect low and middle-income countries because 

of their high product concentrated exports [14].  PDI is calculated by the formula as below; 

 

𝑃𝐷𝐼𝑑𝑠
𝑡 = 1 / 𝐻𝐼𝑃𝑑𝑠

𝑡                                                           (2) 
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where HIP is the Herfindal Index  that is calculated as below; 

 

𝐻𝐼𝑃𝑑𝑠
𝑡 = ∑ (

𝑋𝑑𝑝
𝑡

𝑋𝑑𝑠
𝑡 )

2
𝑛𝑝
𝑝=1                                                        (3) 

 

where 𝑋𝑑𝑝
𝑡  is the export value of product p by country d, 𝑋𝑑𝑠

𝑡  is the export value of all products in sector 

s (it is medical device sector in our case) by country d. The range of PDI is between 0 and +∞ [13].         

2.4. Learning models 

 

The main task in this study is to estimate the foreign trade value (export or import) of a year using the 

previous years’ foreign trade values. Linear regression aims to introduce the relation between input (the 

old foreign trade values) and output (the target year’s foreign trade values) vectors with a linear map. 

This linear mapping could be defined with the following equation: 

 

𝑦 = 𝑊𝑇𝑥 + 𝑐                                                                  (4) 

 

where W is a parameter vector and c is an offset  value,  x and y are input and output vectors, 

respectively. In linear regression, the best fitting line is calculated by minimizing differences between 

this line and each input data [15].  

Support Vector Machine Regression (SVR) is another common method used in regression problems. 

SVR uses multiple hyperplanes to represent the relations between input and output data. In this model, 

the finest hyplanes are achieved by minimizing the error and maximizing the margins. Linear or non-

linear kernel functions could be prefered to build the best model [16].  

 

2.5. Evaluation 

 

We used Root Mean Squared Error (RMSE), Mean Squared Error (MSE), Mean Absolute Error (MAE), 

and R-squared (R2) as evaluation metrics. RMSE is a measure that calculates the difference between 

predicted and actual values. It is defined as the root of the MSE and expressed as follows (17): 

 

𝑹𝑴𝑺𝑬 = √
∑ ‖𝑨𝒊−𝑬𝒊‖𝟐𝒏

𝒊=𝟏

𝒏
                                                              (5) 

 

where n is the number of genes and Ai  and Pi are actual and estimated value, respectively. MAE is the 

mean of the absolute errors between the actual and the predicted values. It is expressed as follows (18): 

 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑒𝑖|

𝑛

𝑖=1

                                                                         (6) 

 

R2  is a common statistical measure that shows how to fit the regression model. It is calculated by 

dividing the residual variance by total variance. It takes the value of 1 for the best estimation in which 

the estimated values are more highly correlated to actual values (19).  In this study, we applied ten-fold 

cross validation procedure in which 9/10 of the dataset is used in the training of the model and the model 

is performed on the remaining set of the trade value vectors. 
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3. RESULTS  

 

3.1. The Current Position in Medical Device Foreign Trade 

 

Figure 1 shows the export and import shares of Turkey by region. Analyzing the foreign trade data, it is 

observed that the highest exports were made to Asian and European countries with 42.8% and 37.6%, 

respectively. It is observed that the highest imports were made to European and Asian countries with 

39% and 34% respectively. Table 1 and Table 2 shows Turkey's export and import values of the sub-

categories of medical devices, respectively. Total medical device exports increased by 170% in the last 

five years, reaching $ 643.1 million in 2019, while the total import value decreased by 357% to $ 1.99 

billion.  

 

 
a. Export                                                 b.   Import 

 
Figure 1. Turkey’s medical device export and import shares by region in 2018 

 

Table 1. Turkey’s export values by product category (x $1000) 

 
Product category 2015 2016 2017 2018 2019 

Dental 26.984 28.198 31.338 33.544 34.458 

Imaging 26.309 21.605 33.616 32.978 36.368 

Hospital furniture 29.820 32.151 36.902 43.989 49.840 

Patient-aid 8.812 12.472 13.550 19.505 17.458 

In Vıtro Diagnostic 29.556 26.540 29.184 38.583 43.773 

Optic 10.281 11.558 11.827 11.920 12.746 

Orthopaedics 51.710 54.302 51.704 59.222 66.055 

Therapeutic 17.678 16.142 20.884 16.727 16.276 

Consumable 157.027 151.824 177.492 217.872 233.902 

Other 114.338 107.943 127.047 130.919 132.175 

 
Table 2. Turkey’s import values by product category (x $1000) 

 
Product category 2015 2016 2017 2018 2019 

Dental 169.127 171.239 183.452 178.214 168.823 

Imaging 476.049 454.387 482.813 434.529 332.933 

Hospital furniture 29.855 32.656 24.501 22.252 21.437 

Patient-aid 96.436 109.654 105.106 97.631 91.744 

In Vıtro Diagnostic 238.745 244.166 249.677 246.002 235.714 

Optic 112.571 109.214 101.106 85.483 76.495 

Orthopaedics 279.613 282.597 252.419 202.387 180.663 

Therapeutic 116.702 100.027 98.956 89.421 93.024 

Consumable 418.684 446.442 472.679 419.562 425.599 

Other 413.316 416.988 394.310 369.860 367.650 

37,6%

42,8%

5,4%
14,2%

Europe Asian America Affrican

39,9%

34,0%

26,0%
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Another common parameter (so-called “coverage ratio”) in foreign trade is the ratio of exports to 

imports. This ratio is calculated by dividing the export value by the import value. Table 3 shows the 

coverage ratios in medical devices for 2015 and 2019. This ratio increased from 20.1% of all medical 

devices in 2015 to 32.2% in 2019. The highest change in the coverage ratio is 132,6% between 2015 

and 2019 in hospital furniture. 

Table 3.  The coverage ratio for 2015 and 2019 

Product category  2015 2019 Change   

Dental  16.0% 20.4% 4.4%  

Imaging  5.5% 10.9% 5.4%  

Hospital furniture  99.9% 232.5% 132.6%  

Patient-aid  9.1% 19.0% 9.9%  

In Vıtro Diagnostic  12.4% 18.6% 6.2%  

Optic  9.1% 16.7% 7.6%  

Orthopaedics  18.5% 36.6% 18.1%  

Therapeutic  15.1% 17.5% 2.4%  

Consumable  37.5% 55.0% 17.5%  

Other  27.7% 36.0% 8.3%  

 

Figure 2 shows the MPI results for the main importers of Turkey. Since Turkey’s main importers are 

USA, China and Germany, it is clear that they have a higher penetration index than other countries (see 

Figure 2). In 2018, the three highest MPI are 24.7, 16.0 and 15.6 for USA, China and Germany, 

respectively. Germany was the second country with highest MPI among the importers of Turkey before 

2017.  

 

 
 

Figure 2. MPI for Turkey’s major importers 

Product diversification in medical device export is shown in Figure 3. PDI has increased by 39% 

between 2001 and 2019. There are two different curves with positive slope between 2010 and 2019. The 
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slope of three years between 2011 and 2014 is greater than the slope of two years between 2016 and 

2018 in the last ten years.   

 
 

Figure 3. PDI values between 2001 and 2019 

3.2. Empricial Results   

 

The prediction results of medical device export for the last five years in Turkey are shown in Table 4. 

The best performance is achieved by SVM regression model with linear kernel, which yields that the 

average R2 is 0.938 for the last five years. It is calculated that the average R2 is 0.936 and 0.672 for LR 

and decision tree, respectively. The prediction results of medical device import for the last five years in 

Turkey are shown in Table 5.  Similarly, the best estimation result is achieved by SVM regression model 

with linear kernel, which yields that the average R2 is 0.974 for the last five years. It is calculated that 

the average R2 is 0.956 and 0.644 for LR and decision tree, respectively.  

 
Table 4. The prediction results for medical device export of the last five years 

 

 LR DECISION TREE SVM 

 RMSE R2 MSE MAE RMSE R2 MSE MAE RMSE R2 MSE MAE 

2015 4931.4 0.91 24318705.96 2902.4 11582 0.5 134142724 4479.2 5633.6 0.88 31737449 2656.3 

2016 3388.8 0.95 11483965.44 1879.5 7857.3 0.75 61737163 3175.7 3807.9 0.94 14500102 1860 

2017 3208.5 0.97 10294472.25 1943.4 9681.2 0.7 93725633 3820.9 2935.2 0.97 8615399 1717.4 

2018 7164.9 0.87 51335792.01 3613.5 11035 0.7 121771225 5123.5 4553.6 0.95 20735273 2607.2 

2019 3256.4 0.98 10604140.96 2145.8 11672 0.71 136235584 5150.2 4676.8 0.95 21872458 2465.1 

 
Table 5. The prediction results for medical device import of the last five years 

 

 LR TREE SVM 

 RMSE R2 MSE MAE RMSE R2 MSE MAE RMSE R2 MSE MAE 

2015 18715 0.93 350251225 9367.3 38583 0.69 1488647889 15840 13856 0.96 191988736 6757 

2016 14077 0.96 198161929 7177.1 34817 0.76 1212223489 13551 9495.6 0.98 90166419 5761.1 

2017 7715.3 0.99 59525854 5165.9 37644 0.69 1417070736 16759 9368.9 0.98 87776287 5368.8 

2018 12506 0.96 156400036 7031.6 45377 0.49 2059072129 18255 8660.7 0.98 75007724 5685.3 

2019 15229 0.94 231922441 8741 40768 0.59 1662029824 15660 10557 0.97 111450249 5882.3 
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Figure 4 shows the forecasting values of medical device export and import for the next five years (the 

right side of the red line) using SVM regression that is the best estimation model achieved in the previous 

section. The medical device export and import values are expected to be about $1.03 billion and $2.12 

billion respectively.   

 

 
 

Figure 4. Forecasts of foreign trade for next five years 

 

4. DISCUSSION 

 

Medical device market is multidisciplinary with a large number of internal parameters, and so we can 

observe only outcomes of these parameters. Figure 1 shows that Turkey’s main target markets are 

African and European countries. We consider that these close relations in medical device trade are 

depending on the geographical location of Turkey and the same medical device legislation with the 

European Union (EU) although Turkey is in the candidate list of membership for EU. Table 1 shows 

that Turkey has a great ability to export of consumable products because the country has an important 

manufacturing potential in consumable medical devices such as stents, dialysis set, injector, and surgical 

instruments etc., so the highest export value of the country is in these products. The incentive for 

domestic product use in the country and the bilateral cooperation with other countries have an important 

effect on the enormous increase in exports in the last five years. Table 2 shows that the medical device 

group which is mostly imported is imaging systems with advanced technologies such as magnetic 

resonance and computer tomography. It is essential to determine strategies for the target fields to 

increase the manufacturing capacity of high-level technology in medical devices.  On the other hand, in 

Table 3, it is seen that the greatest coverage ratio between the last five years belongs to hospital furniture. 

One of the reasons for this result is that the technological level of these products is lower than the other 

products and it is easier to place on the market in accordance with medical device legislation. Although 

the medical device market size consists of local production, local consumption, export and import, to 

our knowledge, there is not any public available database that contains local production and 

consumption volumes in Turkey. Bilateral relations between countries and effective policies 

implemented in foreign trade can make a significant contribution to the increase in foreign trade volume. 

Here, in some cases, even the technology level of the product can be considered secondary. The 

diversification  of imported products is more important than the volume of imports. Another product in 

the international trade with higher MPI can compensate the contraction in the import of one product. 

Figure 3 shows two local minimum points that can also be considered as a breaking point. We believe 

that these breaking points of 2004 and 2008 were related to the economic balances in the country in 

those years. Furthermore, the slope of the interval of 2011-2014 is greater than the slope of the interval 
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of 2016-2018, and there is a rapid decrease in 2015. This shows that it is required to apply a sustainable 

policy in foreign trade. 

 

2017/745 Medical Device Regulation (MDR) and 2017/746 In-Vitro Medical Device Regulation 

(IVDR) were published by the EU. There is a transition period for MDR until May 2021. During this 

period, Turkey is applying an adoption plan to put it in force. These regulations include many new rules 

for economic operators and all stakeholders from transparency to conformity assessment. Clinical 

investigation has become more important for manufacturers to place a medical device on the market. 

Stricter rules in conformity assessment have been identified and this new approach may require more 

cost for economic operators. We observe that new investments should be considered to take a place in 

the EU market for local manufacturers.  

 

The training is based on a time-variant system. For example; while foreign trade data between 2002-

2020 is used to forecast foreign trade of 2021, this used data for 2020 was forecasted by testing the 

foreign trade of 2001-2019 in the previous step in the model. This point is unclear in the previous studies.  

Considering the Table 4 and Table 5, it is seen that there is a decrease in import between 2017 and 2019, 

while there is an increase in export in the same period. It is thought that the incentives for the use of 

domestic products have an impact on these results. On the other hand, it is expected a rapid change in 

import will be observed in the next five years in Figure 4. Turkey is making large investments to build 

city hospitals across the country. The number of city hospitals that provide healthcare services at the 

end of 2021 will be 18. The contractors on these projects will import medical devices involving high-

level technology. A crucial step of increasing manufacturing potential in medical devices involving 

advanced technology is to promote clinical trial for manufacturers by setting up the required 

infrastructure.  It is very important to conduct a detailed root-cause analysis in the medical device 

industry and create an action plan for the solution of the identified problems. 

 

5. CONCLUSION 

Machine-learning-based approach may help in forecasting the medical device foreign trade. It is 

concluded that the incentive policies in place for use of domestic products across the country may 

increase the venture capital of the manufacturers, which is very effective in producing innovative 

products. In addition, it can be determined that sector-specific policies that consider compliance with 

legislation provide more opportunities in international trade of medical devices. 
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