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ABSTRACT 

Kidney transplantation helps end-stage patients regain health and quality-of-life. The decisions for matching donor 

kidneys and recipients affect success of transplantation. However, current kidney matching decision procedures do 

not consider viability loss during preservation. The objective here is to forecast heterogeneous kidney viability, based 

on historical datasets to support kidney matching decision-making. Six recently procured porcine kidneys were used 

to conduct viability assessment experiments to validate the proposed multitask general path model. The model 

forecasts kidney viability by transferring knowledge from learning the commonality of all kidneys and the 

heterogeneity of each kidney. The proposed model provides exactly accurate kidney viability forecasting results 

compared to the state-of-the-art models including a multitask learning model, a general path model, and a general 

linear model. The proposed model provides satisfactory kidney viability forecasting accuracy because it quantifies the 

degradation information from trajectory of a viability loss path. It transfers knowledge of common effects from all 

kidneys and identifies individual effects of each kidney. This method can be readily extended to other decision-making 

scenarios in kidney transplantation to improve overall assessment performance. For example, analytical 

generalizations gained by modeling have been validated based on needle biopsy data targeting the improvement of 

tissue extraction accuracy. The proposed model applied in multiple kidney assessment processes in transplantation 

can potentially reduce the kidney discard rate by providing effective kidney matching decisions. Thus, the increased 

kidney utilization rate will benefit more patients and prolong their lives.  
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1. INTRODUCTION 

    Kidney transplantation is the best treatment option for patients who have kidney failure, because it can create the 

opportunity of living a longer and healthier life [1]. However, the demand for transplantable kidneys far exceeds the 

supply. Currently, <25% of total patients on the national kidney waiting list will ever receive a donated kidney; the 

median waiting time for a kidney is 3.6 years [2]. Even worse, the pool of kidney donors has deceased in recent years 

[3]. To match the donor kidney and recipient, United Network for Organ Sharing (UNOS) makes the decision based 

on three factors: distance, biological matching, and urgency [4]. However, the viability loss during transportation has 

never been considered as a key factor in decision-making and loss of viability may lead to >20% kidney discard rate 

[5]. Moreover, the lack of accurate methods to assess kidney viability causes geographic variation in kidney discard 

rate, with more discards in areas that have long distances between donated organs and potential recipients [6]. 

Therefore, a method of forecasting kidney viability is needed to support the decision-making to find the best recipient 

for kidney transplantation.  

    Forecasting kidney viability is very challenging for two reasons: 1) surgeons need to assess donor organ viability, 

but there are no universal guidelines or procedures for objectively and reliably assessing viability [7]. Currently, two 

methods, visual inspection and biopsy are used [8], and both are either subjective and/or invasive. As a result, the 

assessment results are very likely to be inconsistent for different surgeons due to different experience, research and 

education backgrounds; 2) kidneys lose viability rapidly once they are procured, and the degradation rate is individual-

specific [9]. Because assessment cannot be performed during preservation or transportation, forecasting kidney 

viability needs to depend on historical data (i.e., how long can most kidneys remain viable in static cold storage, based 

on 1- and 5-year graft survival data). However, how to determine the information to be transferred from historical data 

of existing similar-but-non-identical kidneys to a new kidney is not a precise science and many donor factors and 

preservation conditions can affect viability data.   

    The objective of this research is to develop and test a method to forecast kidney viability during preservation by 

transferring knowledge from similar-but-non-identical kidneys to support decision-making of donor kidneys and 

recipients matching for predicting the best-fit patient. Moreover, to improve the overall kidney assessment process by 

extracting tissues more accurately from target areas in the needle biopsy process, the location and number of post-

procurement biopsies can be optimized to reduce potential tissue damage due to repetitive biopsy procedures. 

Therefore, in this research, we formulate the viability forecasting problem as a multitask general path model (MT-

GPM), where each task is one pre-defined region on the kidney, based on the vascular structure of the kidney, and the 

reality that a partial kidney can be transplanted for children [10]. This model incorporates advantages over multitask 

learning models and general path models by decomposing model coefficients into common effects and individual 

effects. Therefore, the heterogeneity across tasks can be captured to improve the forecasting accuracy while the 

commonality is derived from the aggregate of all tasks. More specifically, common effects of all similar-but-non-

identical kidneys quantified by shared information are used to depict the trajectory of viability loss, and individual 

effects are used to identify the viability loss path difference of each kidney. The proposed method is validated by 

porcine kidney experiments using biopsy scores as the metric of the viability loss path. Compared to benchmark 

models including a multitask learning model (MTL) [11], a general path model (GPM) [12], and a general linear 

model (GLM) [13], MT-GPM has the best forecasting accuracy so that it can support decision-making.  

    The proposed MT-GPM can be applied to two procedures to improve the overall kidney assessment performance. 

Firstly, it can be used to accurately forecast kidney viability aiming to help the kidney matching decision-making by 

selecting recipients that are more urgent but at greater distance, based on the estimation of viability loss. Secondly, it 

can be applied to needle biopsy in forecasting the magnitude of deformation path of needle biopsies used to support 

biopsy-based decision-making.  

2. RELATED WORK 

    There is a substantial body of research on kidney preservation and biopsy methods. Simple cold storage (CS), while 

widely used and effective, defines the preservation boundaries to generally less than 24 hours [14]. To prevent organ 



deterioration, the kidney preservation process has been improved by using machine perfusion systems (MPS), 

typically with flush solutions that buffers harsh molecular conditions that evolve during ischemia [15, 16]. On 

measure, MPS is the better solution for organ preservation because it significantly reduces the risk of delayed kidney 

function and potentially allows evaluating the viability of kidney before transplantation [17, 18]. Despite MPS offering 

a reliable platform for kidney preservation, in its current available iterations, it does not provide kidney viability 

measurements. To assess organ viability, biopsy is the most widely used method [19]. Biopsy is most accurate 

(predictive) when used with quantitative analysis of whole-side tissue images and sampling of several sites [20, 21]. 

Moreover, biopsy results are used extensively to predict organ quality for ‘non-standard’ donors; approximately 75% 

of extended criteria donor kidneys (ECD) are biopsied [22]. However, repeating biopsies may damage the kidney 

tissue permanently and this may potentially affect the utilization rate [23]. With the availability of MPS as platform 

and biopsy as validation method, non-invasive methods can be used effectively to assess kidney viability. For example, 

computer-assisted diagnosis (CAD) methods can be applied to offer a quantitative diagnosis of the viability of the 

kidney. CAD has become one of the major research areas in medical diagnosis due to high speed, accuracy, and 

reliability [24]. Some researchers have used machine learning to predict the outcome of kidney transplantation, but 

the performance did not meet expectations [25]. Although machine learning is becoming increasingly sophisticated 

and more widely used, it requires a large sample size to keep training and modifying the model [26]. Because medical 

data is not always available, due to concerns for respecting the privacy of patients and the confidentiality of healthcare 

data [27, 28], statistical modeling is used to evaluate medical data for classification and prediction of small data sets 

[29].  

    To ensure reliability, data-driven degradation models are widely used to predict the useful lifetime of an engineering 

system or a biomedical system [12]. GPM, a degradation path model, was first proposed by Lu and Meeker [12, 30] 

for making inferences about the distribution of failure time for degradation data. One issue is that GPM is very 

sensitive to outliers. The unit-to-unit variability was modeled by adding random effects in the degradation model, and 

then developed with Bayesian updating to adjust the model performance [31, 32]. However, although the Markov 

Chain Monte Carlo (MCMC) procedure can be analytically used for intractable joint posterior density function 

estimation, it is computationally intensive for complex model structures. Zhou et al. introduced a degradation model 

in a nonparametric modeling framework, instead of using a common parametric model with random effects [33]. The 

limitation is that the non-parametric model is less efficient than the parametric model in some cases. Bagdonavicius 

et al. [34] investigated multiple failure modes in the degradation model. Hong et al. [35, 36] proposed dynamic 

covariates in the degradation model, using a linear random effects model, and then using a nonlinear random effects 

model, but the general path model would only have good performance when the degradation curves are monotone or 

nearly monotone. GPM has been adopted from industrial reliability scenarios, assuming all the deployed equipment 

are identical in quality. However, the kidneys (biological ‘machines’) are heterogeneous due to size, shape, donor age, 

and molecular condition. Thus, GPM may not be applicable or appropriate to apply to kidney viability forecasting. 

Recently, a spatial-temporal degradation model was proposed to describe complex degradation items which show 

different degradation patterns at different locations [37, 38]. This model assumes the propagation of degradation at a 

constant speed. However, kidney heterogeneity may significantly affect outcomes from the use of this model.  

    Multi-task learning (MTL) is an approach for transferring information and improving generalization by using 

related tasks as an inductive bias [11]. The models define   commonality simultaneously from all the tasks and exploit 

differences across tasks, so that acquired information can improve modeling performance [11]. MTL is widely used 

in many real-world applications, including medical and clinical fields. In organ transplantation, MTL logistic 

regression has been conducted to predict the liver viability based on infrared imaging data [39]. However, this method 

is not able to forecast the liver viability at a future time. Data Shared Lasso (DSL) [40] investigated the continuum 

between individual models for each group and one model for all groups, but DSL is not a forecasting solution and is 

not similar to MTL. In summary, the needs of kidney viability forecasting, and the heterogeneity of different kidneys 

gave us the motivation to integrate GPM and MTL modeling methods to investigate the viability loss path. Thus, we 

propose MT-GPM to forecast the viability of heterogeneous kidneys, in order to improve the kidney matching 

decision-making process, and extended MT-GPM to needle biopsy forecasting as another validation example.   



3. MATERIALS AND METHODS 

    In this research, we apply a data-driven model to forecast kidney viability, in terms of biopsy scores to support 

matching decision-making in order to reduce kidney discard rate. The assumptions of the model are: 1) the kidney 

viability loss path can be described in a general function form, for instance, the viability loss path in Case Study 1 can 

be approximated by quadratic functions based on historical data; 2) the kidney viability loss paths are similar-but-non-

identical, because they share commonality among locations in different kidneys while maintaining individual 

differences.  

3.1 The Proposed Method 

    We propose the MT-GPM that treat each location of four pre-defined locations on the kidney as one task. The 

biopsy score 𝑦 of 𝑖-th viability loss path for task 𝑔 at time 𝑡𝑗 is given by: 

 𝑦(𝑖,𝑔,𝑡𝑖,𝑔,𝑗) = 𝜂(𝑡𝑗 , 𝜷(𝑖,𝑔)) + 𝜀(𝑖,𝑔,𝑡𝑖,𝑔,𝑗), (1) 

where 𝑡𝑗 is the time of the 𝑗-th biopsy score as measurement, 𝑗 = 1, … , 𝐽; 𝜀(𝑖,𝑔,𝑡𝑖,𝑔,𝑗) is the measurement error which is 

assumed to independently and identically distribute as 𝑁(0, 𝜎𝜀
2)  ; 𝜂(𝑖,𝑔)  is approximated quadratic path from 

assumption of the general form for 𝑖 -th viability loss path in 𝑔-th task parameterized by 𝜷(𝑖,𝑔), 𝑖 = 1, … , 𝐼, 𝑔 =

1, … , 𝐺. In each task, we have 𝐼 viability loss paths representing the number of kidneys used in experiment. Because 

kidneys are similar-but-non-identical by sharing commonality and having heterogeneity. Therefore, we further 

decompose the model coefficient 𝜷(𝑖,𝑔) to: 

 𝜷(𝑖,𝑔) = 𝝓(𝑔) + 𝜽(𝑖,𝑔), (2) 

where 𝝓(𝑔) ∈ ℝ𝑝(𝐼+1)×1, 𝑝 is the number of common-effects parameters representing commonality for all replicates; 

𝜽(𝑖,𝑔) is a vector of the 𝑖-th viability loss path individual-effects parameters in the 𝑔-th task representing heterogeneity. 

Thus, common-effects parameters are transferring knowledge from all kidneys, and individual-effects parameters are 

identifying the kidney differences. Motivated by data shared lasso [40], our model is assumed as second order 

polynomial model with 𝒙(𝑖,𝑔,𝑡𝑖,𝑔,𝑗) representing timestamp of 𝑖-th viability loss path in 𝑔-th task as model inputs, so 

the 𝑦(𝑖,𝑔,𝑡𝑖,𝑔,𝑗) can be generated as: 

 𝑦(𝑖,𝑔,𝑡𝑖,𝑔,𝑗) = 𝒙(𝑖,𝑔,𝑡𝑖,𝑔,𝑗)(𝝓(𝑔) + 𝜽(𝑖,𝑔)) + 𝜀(𝑖,𝑔,𝑡𝑖,𝑔,𝑗). (3) 

    The model parameters 𝜷(𝑖,𝑔) = 𝝓(𝑔) + 𝜽(𝑖,𝑔) can be estimated by optimizing Equation (4), and 𝑟𝑔 is given to control 

the amount of pooling, and we recommend 𝑟𝑔 = 1 in this model:  

 
(𝝓̂, 𝜽̂) ≔ argmin

𝝓,𝜽

1

2
∑ (𝑦(𝑖,𝑔,𝑡𝑖,𝑔,𝑗) − 𝒙(𝑖,𝑔,𝑡𝑖,𝑔,𝑗)(𝝓(𝑔) + 𝜽(𝑖,𝑔)))

2

𝑖,𝑔,𝑗 + λ (‖𝝓(𝑔)‖
1

+

∑ 𝑟𝑔
𝑖
𝑔=1 ‖𝜽(𝑖,𝑔)‖

1
), 

(4) 

where the first part is the least square loss function to ensure the forecasting accuracy, and the second part is lasso 

penalty that penalizes on the sparsity of the coefficients [41]. Directly optimizing Equation (4) by using convex 

programming methods will leads to high computation workload and non-satisfactory time latency in forecasting due 

to multiple non-differentiable 𝑙1 norms of model coefficients. Denoting 𝑾𝑔 = (𝝓𝑔
𝑇 ,  𝜽1

𝑇 ,  𝜽2
𝑇 , … ,  𝜽𝐼

𝑇) 𝑇 ∈ ℝ𝑝(𝐼+1)×𝐺 as 

the model coefficient vector, and 𝜺𝑖𝑔 as the residual term, we show that optimizing Problem (4) can be approximated 

by optimizing Equation (6) by defining 𝒁𝑔 as: 

 

𝒁𝑔 = (

𝑿1𝑔 𝑟1𝑿1𝑔 0 ⋯

𝑿2𝑔

⋮
0
⋮

𝑟2𝑿2𝑔 ⋯

⋮ ⋯
𝑿𝐼𝑔 0 0 ⋯

    

0
0
0

𝑟𝐼𝑿𝐼𝑔

), (5) 



where we separate the common effects and individual effects as the first column representing common effects and 

each 𝑟𝑖𝑿𝑖𝑔 is the covariates to estimate individual effects in one task among different viability loss paths.  

 𝑾̂ = argmin
𝑾

∑ ‖𝒁𝑔𝑾𝑔 − 𝒀𝑔‖
F

2𝑔
𝑖=1 + 𝜌‖𝜿 ∘ 𝑾‖2,1, (6) 

where 𝜿 ∈ ℝ𝑝(𝐼+1)×𝐺 is a known weights matrix, and the weights are data dependent 𝒌 = 1/|𝜷̂𝑂𝐿𝑆|
𝛾
. If the weight is 

data-dependent, then the weighted lasso can have the oracle properties [42]. The 𝑙2,1-norm regularized regression 

model is proposed to encourage multiple predictors to share similar sparsity patterns, which can quantify between-

task similarities (i.e., common effects) and within task similarities (i.e., individual effects). The convexity of Equation 

(6) admits a globally optimal solution guaranteed by K.K.T. condition [43]; and 𝜌 is the tuning parameter to control 

the model sparsity which leads to lower sample requirement [44]. The adaptive lasso achieves the oracle properties, 

and the shrinkage leads to a near-minimax-optimal estimator [42]. Therefore, it is applied to further improve the 

forecasting accuracy by adding weights to penalize different coefficients in the 𝑙2,1 penalty. The optimization problem 

showing in Equation (6) can be efficiently solved by accelerated gradient descent [45].  

    We use leave-one-kidney-out cross validation method to validate the model. Five kidneys out of six are used 

iteratively as training data and the remaining one as testing data. The initial model forecasts the viability by only using 

common effects, and then the model is updated by adding testing data one at a time to incorporate individual effects. 

The remaining test data is used to test forecasting accuracy.  

    In summary, we used a parametric model to represent the viability loss path. MT-GPM can forecast kidney viability 

in transplantation by simultaneously learning knowledge from all kidneys while identifying the individual differences. 

It can be extended to other domains, where the response measurements can be depicted by certain functions. Two case 

studies will be introduced to validate the generality of this method.   

3.2 Case Study 1: Kidney Viability Forecasting 

    To validate the proposed method, fresh porcine kidneys were procured and perfused in MPS during preservation. 

Pigs have many similar characteristics to humans in terms of heart rate, blood pressure, function and size, making use 

of the results from measurements of their kidneys readily translatable [46]. Six porcine kidneys from young female 

pigs were collected from local abattoir and were flushed with physiologic saline to remove residual blood. Next, the 

kidneys were transported back to the laboratory in a portable cooler, and they were immediately connected to a MPS 

[47] via renal artery and vein as below the Figure 1(a) after arrival. Once the kidney was connected, more phosphate-

buffered physiologic saline was infused, and a closed-loop perfusion system was established to mimic renal blood 

perfusion. The perfusion time for each kidney was 12 hours in order to allow ample deterioration of the kidney over 

time, and a 12-hour time span is a similar comparison to the time transported from donor to recipient in reality. To 

accurately assess the viability of kidneys, each kidney was divided into four locations and biopsied as Figure 1(b). We 

pre-defined each location as one task because of the vascular structure of the kidney. The locations closest to the artery 

and vein were perfused differently than the outer regions. Therefore, two locations, say, Locations 1 and 4 in Figure 

1(b) were at the extremities because they were at far-end of the artery and vein. In contrast, Locations 2 and 3 are 

more well-perfused regions.  

 



 

           (a) Machine perfusion system [47]                                                                    (b) Kidney biopsy locations 

Figure 1: Kidney viability experiment 

The first biopsy was taken as soon as the kidney was connected to the machine, and then three more biopsies were 

procured with 4-hour interval at 4th hour, 8th hour, and 12th hour. We intended to verify the viability loss during 

perfusion time but limit the number of biopsies, because repeating biopsies too many times at one location causes 

permanent damage to the kidney [23]. The time and location of biopsies for each kidney were randomized as Table 1 

in order to reduce bias. Each biopsy was taken with a punch hole, and then was placed in 10% neutral-buffered 

formalin to preserve the samples until evaluated histologically. The biopsy defect on the kidney was filled with 

surgical Gelfoam (Pfizer, Groton, CT) in order to prevent the damaging region expanding to other locations. All the 

biopsy samples were blindly graded by an experienced pathologist and ranked on a scale of 1, 2, and 3 representing 

bad, good, and excellent. Good and excellent biopsy scores signified the kidney was considered transplantable, 

otherwise they will be discarded. The biopsy scores were summarized in Table 1.  

 

Table 1. Kidney location and biopsy score summary 

 Categories 0 Hour 4 Hour 8 Hour 12 Hour 

Kidney 1 
Locations 4th  1st  3rd  2nd  

Biopsy Scores 3 2 2 1 

Kidney 2 
Locations 1st 2nd 3rd 4th 

Biopsy Scores 2 2 1 1 

Kidney 3 
Locations 1st 4th 2nd 3rd 

Biopsy Scores 2 2 1 2 

Kidney 4 
Locations 4th 1st 2nd 3rd 

Biopsy Scores 2 1 2 1 

Kidney 5 
Locations 1st 4th 3rd 2nd 

Biopsy Scores 2 1 2 1 

Kidney 6 
Locations 2nd 4th 1st 3rd 

Biopsy Scores 2 3 2 2 

     

    Based on the information from above table, a 4 × 4  spatial-temporal biopsy score response surface 

representing biopsy scores of each kidney was generated. A monotonic Gaussian process model [48] was used 

to fit the data and generate the response surfaces because the deteriorating process is irreversible [49]. Figure 

2 shows the six response surfaces with x, y, z-axis representing location, time and biopsy score for the six 

kidneys. Moreover, we assumed that the biopsy scores had spatial-temporal correlation. However, the sample 

size was limited. Therefore, interpolation was employed to increase the sample frequency from every 4 hours 



to every 30 minutes based on the response surfaces. As a result, six spatial-temporal biopsy score response 

surfaces were extended to 4 × 24 representing biopsies scores of each location every 30 minutes.  

 

Figure 2: Spatial-temporal biopsy score response surfaces 

3.3 Case Study 2: Needle Biopsy Insertion Forecasting 

    The proposed model is generalized to apply in the other kidney assessment process within a certain scope, in which 

a certain function form can roughly describe the tissue deformation during biopsy needle insertion as response 

measurements. Needle biopsy, as a common medical tool, is applied as the assessment in transplantation to verify the 

viability of the kidney [18]. Some researchers investigated needle-tissue interaction mechanics to develop a theoretical 

model that quantifies the deformation of tissues and needles [50]. Since the magnitude of phantom deformation shows 

a path, the proposed method can be applied. To forecast the magnitude deformation path, the biopsy accuracy can be 

improved with online feedback guiding needle insertion process to obtain tissues from the target region. Moreover, 

this application can be potentially used in medical training and biopsy education by providing online feedback on 

tissue deformation during the needle insertion process.  

    The experiment setup shows as Figure 3(a). The needle is placed above the phantom surface at 10 cm, and then 

inserted into the phantom. A polyvinyl alcohol hydrogel (PVA-H)-based phantom was used to simulate the human 

tissue because its transparency made it easy to record the deformation of the tissue. The PVA-H phantoms were made 

of dimethyl sulfoxide and polyvinyl alcohol. The Young’s modulus of phantom was between 10Kpa and 50Kpa 

(similar to liver) and the Poisson ration is 0.49. A CCD camera was fixed in front of the phantom to capture markers 

inside the tissue, and 16 markers were made to record the displacements as Figure 3(b). The photo sample frequency 

was two frames per second. In total, 26 photos were collected for analysis, and the displacements of x-axis and y-axis 

of each maker were calculated by imaging processing. The magnitude of marker deformation was used as the response 

in this case study. We treated each marker as one task, assuming each location has similar pattern, and four replicate 

measurements were made in each task.   



(a) Experimental setup                                                                        (b) Magnitude of marker deformation 

Figure 3: Needle insertion experiment 

4. RESULTS AND DISCUSSIONS 

    In Case Study 1, we applied the proposed method to analyze kidney viability data and compared forecasting accuracy 

with benchmark models including MTL, GPM, and GLM by root mean square error (RMSE), which quantifies the 

difference between forecasted biopsy scores and ground truth. Because MTL, GMP, and GLM have benefits for 

regularization from cross-task effects, within-task effects, and general random effects, respectively. MT-GPM method 

decomposes common and individual effects representing cross-task and within-task effects in one modeling approach 

to improve forecasting accuracy.  

    The “leave-one-kidney-out” cross validation method is conducted to imitate the kidney viability forecasting by 

iteratively using five kidneys as training data and the remaining one as testing data. Therefore, in total, six scenarios 

are generated. MT-GPM can be applied without knowing any information of the new kidney by only using common 

effects from existing kidneys and forecast the new kidney viability from the “cold start” stage. In contrast, the 

benchmark models have to rely on retrieving initial data of the testing kidney to conduct forecasting, such as Bayesian 

approach degradation models [51]. In addition, the proposed MT-GPM limits the required sample size to accurately 

forecast the kidney viability (sample size ≤ 3). Each biopsy score is added to the training data following time sequence, 

and the model is updated by transferring information from new added biopsy scores. As more information about the 

new kidney is obtained, the model will perform better by considering individual effects. Therefore, the model 

forecasting will be performing more accurately as the RMSE continuously decreased. In Figure 4, we conclude that 

the proposed MT-GPM has the smallest overall prediction error compared to other benchmark models, and all six 

leave-one-kidney-out cross validation scenarios support the same conclusion. The RMSE are rapidly decreased to 

<0.3 in most of the six scenarios, because the common effects are so effective in model prediction that only few biopsy 

scores are needed to accurately estimate the model with individual effects. In Leave-1st –out (L1O), L4O and L5O 

scenarios, the increasing RMSEs of the first two or three timestamps show in Figure 4 is due to not having enough 

degrees of freedom for the quadratic model. Therefore, fluctuation exists when adding the first several biopsy scores.  

    By applying MT-GPM model to kidney viability forecasting, the kidney matching decision can be improved by the 

estimation of kidney viability loss in preservation. Moreover, the best biopsy region of the kidney can be recommended 

for the pre-transplantation biopsy. For instance, the lowest ranked biopsy score region can be recommended to make 

sure the lowest biopsy score region is viable. Therefore, the entire kidney is transplantable. In contrast, the highest 

ranked biopsy score region can be recommended for biopsy if the overall viability is forecast to be bad. Thus, the 



practitioner can assure that the kidney should be discarded if the highest scored region is confirmed to be inviable 

after biopsy. As a result, the number of biopsies can be minimized to reduce the potential damaging effects of repeating 

biopsies. 

 

Figure 4: Forecasting accuracy (RMSE) of kidney viability case 



    MT-GPM has the best forecasting accuracy by distinguishing common effects and individual effects in one-step 

modeling approach, and it can potentially improve the effectiveness of kidney matching decision by forecasting the 

viability. In Appendix A, we conclude that the model accuracy has increased by updating the model coefficients as 

more biopsy scores from the testing kidney are added to the training data. In addition, the proposed model is 

generalized to not only benefit the kidney matching decision but also support other decision-making scenarios when 

the scope is such that a certain function form can roughly describe the response measurements, such as the needle 

biopsy process to improve the overall kidney assessment accuracy.  

    In Case Study 2, Figure 3(a) shows two groups of markers: red markers at top rows are close to the needle path 

having larger deformation and blue markers at bottom rows are further from the needle path with small deformation. 

Figure 3(b) shows the true magnitude of maker deformation paths. Therefore, only mark 1 to 8 will be used for 

analytics since the magnitudes of deformation of mark 9 to 16 are too small. In addition, they cannot be represented 

by quadratic model. The model forecasting RMSEs are summarized in Figure 5. Similar to Case Study 1, the proposed 

MT-GPM outperforms the benchmark models in terms of forecasting accuracy. As the needle is repetitiously inserted 

into the phantom, more deformation path information was added to training data, so the model accuracy was 

significantly increased. Figure 5 shows that the proposed method in Leave-2nd -marker-out scenario has a different 

trajectory of deformation path compared to the rest, because the deformation path of marker 2 is significantly different 

from others showing in Figure 3(b). However, MT-GPM can still address the heterogeneity issue and outperform the 

benchmark models. The proposed method can support needle biopsy decision-making, because it can learn the tissue 

deformation at different locations and interactive forces between the needle and tissue in order to provide meaningful 

and potentially real-time feedback for guiding needle insertion. The accuracy of pre-transplantation biopsy can be 

potentially increased to improve the overall transplantation performance. Model diagnostic and discussion of both 

case studies are in Appendix B.  



 

Figure 5: Forecasting accuracy (RMSE) of needle biopsy case  



5. CONCLUSIONS 

    In this research, we proposed the MT-GPM to forecast kidney viability during preservation in order to 

support kidney matching decision-making. The case study shows that the proposed method has satisfactory 

accuracy in forecasting kidney viability, and it outperforms the benchmark models including MTL, GPM, and 

GLM. The proposed method integrates MTL and GPM in a one-step modeling approach by learning the 

commonality from all tasks and capturing the heterogeneity by extrapolating each viability loss path. As a 

result, the forecasting performance can be improved. To learn the viability loss path of each kidney, it helps the 

kidney matching decision to be more efficient in providing customized kidney transportation services because 

the matching can be extended to facilitate greater distance but recognize the needs and potential success for 

recipients that are more urgent. In addition, this method can suggest the optimized location for conducting pre-

transplantation biopsies and potentially saves more currently discarded kidneys for transplantation. The 

generality of the proposed method has been validated by the second case study to improve overall kidney 

assessment performance in transplantation by providing online decision-making support in the pre-

transplantation needle biopsy process.  

Since MT-GPM is a new technique, follow-up studies need to be investigated in the future. For example, the 

kidney can be replaced with other organs, such as liver and lung, to test the universality of the proposed 

method. In addition, the “cold start” modeling performance is similar to the benchmark models. To address this 

issue, profile information, such as donor biological differences and medical records will be considered as 

covariates adding to the MT-GPM to further improve prediction performance in “cold start” scenario.  
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A  APPENDICES 

A.1 Comparison of Predicted Biopsy Scores and Actual Biopsy Scores  

 

Figure A.1: Predicted biopsy score and actual biopsy score comparison at the last timestamp 

Figure A.1 shows the comparisons of predicted biopsy scores and the actual biopsy scores at the last timestamp. We 

conclude that the modeling accuracy becomes very accurate in forecasting as we learn more information by adding 

more biopsy scores of the testing kidney to the training data set. As more information is known about the testing 

kidney, the model coefficients are updated to get more accurate forecasting results.   

B.1 Model Diagnostic and Discussions 

Figure B.1, each 6 × 6 matrix shows pairwise dissimilarities among model coefficients estimated from six kidneys, 

where each row/each column represents model coefficients estimated from one of the six kidneys. The off-diagonal 

entry at the 𝑖-th row and the 𝑗-th column represents the model coefficient similarity between 𝑖-th and the 𝑗-th kidneys, 

𝑖 = 1, … ,6, 𝑗 = 1, … ,6. In Figure B.1, darker blue representing greater dissimilarity between kidneys. In contrast, 

lighter blue means more similarity in model coefficients. By visualizing this connectivity matrix, the dissimilarities 

among different kidneys can be determined based on color intensity. Therefore, it can easily conclude that the third 

kidney is significantly different from the rest of the kidneys.  



 

Figure B.1: Pairwise distance between model coefficients in Case Study 1  

In each leave-one-kidney-out scenario, each 4 × 4 matrix in Figure B.2 to Figure B.7 shows pairwise dissimilarities 

among model coefficients estimated from four tasks. The heterogeneity of each location can be indicated by the model 

coefficients from the heat map.    



 

Figure B.2: L1O pairwise distance between model coefficients in Case Study 1  

 

Figure B.3: L2O pairwise distance between model coefficients in Case Study 1 



 

Figure B.4: L3O pairwise distance between model coefficients in Case Study 1 

 

Figure B.5: L4O pairwise distance between model coefficients in Case Study 1   



 

Figure B.6: L5O pairwise distance between model coefficients in Case Study 1 

 

Figure B.7: L6O pairwise distance between model coefficients in Case Study 1 

 



Similar to Case Study 1, each 8 × 8 matrix in Figure B.8 shows pairwise dissimilarity among model coefficients 

estimated from eight markers in Case Study 2. It can conclude that the model of the second marker shares the least 

commonality in model coefficients with the rest of markers, which is in coincidence with L2O model performance 

comparison in Figure 5. As discussed in previous section, the trajectory of the second marker deformation path is 

significantly different from the other markers.   

 

Figure B.8: Pairwise distance between model coefficients in Case Study 2  

As discussed in the main body of this paper, only mark 1 to 8 will be used for analytics since the magnitudes of 

deformation of mark 9 to 16 are too small. In addition, they cannot be represented by quadratic model. Figure B.9 

demonstrates the difference of two groups by their model coefficients.  



 

Figure B.9: Pairwise distance between model coefficients in Case Study 2 (16 markers) 

 

 

 

 

 


