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Abstract
Background: The kidney exchange problem (KEP) addresses the matching of patients in need for a replacement
organ with compatible living donors. Ideally many medical institutions should participate in a matching program to
increase the chance for successful matches. However, to fulfill legal requirements current systems use complicated
policy-based data protection mechanisms that effectively exclude smaller medical facilities to participate. Employing
secure multi-party computation (MPC) techniques provides a technical way to satisfy data protection requirements
for highly sensitive personal health information while simultaneously reducing the regulatory burdens.
Results: We have designed, implemented, and benchmarked SPIKE, a secure MPC-based privacy-preserving KEP
protocol which computes a locally optimal solution by finding matching donor–recipient pairs in a graph structure.
SPIKE matches 40 pairs in cycles of length 2 in less than 4 min and outperforms the previous state-of-the-art protocol
by a factor of 400× in runtime while providing medically more robust solutions.
Conclusions: We show how to solve the KEP in a robust and privacy-preserving manner achieving significantly more
practical performance than the current state-of-the-art (Breuer et al., WPES’20 and CODASPY’22). The usage of MPC
techniques fulfills many data protection requirements on a technical level, allowing smaller health care providers to
directly participate in a kidney exchange with reduced legal processes. As sensitive data are not leaving the institutions’ network boundaries, the patient data underlie a higher level of protection than in the currently employed (centralized) systems. Furthermore, due to reduced legal barriers, the proposed decentralized system might be simpler to
implement in a transnational, intereuropean setting with mixed (national) data protecion laws.
Keywords: Kidney-exchange, Privacy, Secure multi-party computation (MPC)
Introduction
Around 7% of U.S. adults are affected by chronic kidney
disease [1]. With the increasing age of the population
in most countries, end-stage renal disease constitutes a
rapidly increasing challenge for health care systems [2].
Humans are able to live a normal life with at least one
functioning kidney [3]. However, when both kidneys of
a person are malfunctioning, this person requires kidney
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replacement therapy to survive, i.e., either dialysis or the
donation of a functioning kidney.
Transplantations of deceased donor organs unfortunately imply long waiting times, as transplant waiting lists
grow, given that the number of donations significantly
exceed supply [4]. The other option is to find a living
person that is willing to donate one of their kidneys. In
general, living donor donations result in shorter waiting
times and tend to have better long term outcomes compared to deceased donor donations [5]. Unfortunately,
finding a willing, living donor does not guarantee (medical) compatibility with the recipient. Hence, the living
donor exchange system was introduced in 1991 [6], which
allows recipients with incompatible living donors, in the
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following referenced as pairs, to exchange their donors,
such that ideally each recipient can receive a compatible kidney donation. In most European kidney exchange
programs the kidney transplantations of an exchange are
executed simultaneously. Simultaneous operations limit
the length of exchange cycles due to scarcity of medical
staff. Additionally, exchanges of an exchange cycle that
were initially deemed compatible in SPIKE can still be
deemed incompatible after the required further assessment done by medical professionals. In case of longer
exchange cycles, this leads to more pairs not receiving
a kidney due to the failing of the whole exchange cycle.
For these reasons, many European countries with kidney
exchange programs limit the length of cycles to L = 3 or
even L = 2, ensuring a practical feasibility [7]. In order
for SPIKE to be applicable in European kidney exchange
programs1, we decided to limit the maximum length of
cycles to L = 3.
In this work, we consider a scenario, in which several
pairs exchange their donors in a cyclic fashion, so that
each donating pair receives a compatible kidney. These
cycles are called exchange cycles [7].
As a first step for finding possible exchange cycles, we
have to evaluate the donors’ and recipients’ medical data
to determine compatibility between pairs. Afterwards,
we have to identify possible exchange cycles. This problem is known as the kidney exchange problem (KEP)
[7] and can be described as finding cycles in a directed
graph, where each vertex represents a pair and a directed
edge describes the compatibility between two pairs. A
schematic view of the protocol can be seen in Fig. 1.
The process requires the analysis of highly sensitive
medical health data, which makes it crucial that no information is leaked accidentally or to unauthorized personnel. Thus, the KEP requires the implementation of strong
privacy-preserving solutions, where the plaintext health
information remains locally at each medical institution
and the analysis is only run on “encrypted” data, which is
leaking no sensitive data beyond the output: an exchange
cycle with high transplantation success likelihood.2 Note
that such a distributed solution also enhances security
against data breaches, as having to attack multiple parties is significantly harder than a single target. Similarly,
it also simplifies the compliance with regulatory requirements potentially complicating or even prohibiting data
sharing among facilities.

1
For example, France and Sweden only accept a cycle Length of L = 2, while
Spain, the Netherlands, and the United Kingdom accept longer cycles but prefer L = 2. For details see [8] and [7].
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This cycle still requires a final check by medical experts.
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Fig. 1 Overview of our privacy-preserving kidney exchange protocol
SPIKE. The best set of exchange cycles are calculated, while the
patients’ data remain strictly private

Contributions and outline

In this work, we provide the following contributions:
• Efficient Privacy-Preserving Kidney Exchange protocol: We design and implement SPIKE, a distributed,
privacy-preserving protocol for solving the kidney exchange problem in the semi-honest security
model. In contrast to the current state-of-the-art [9,
10], SPIKE improves efficiency as well as the medical
compatibility matching by considering additional factors, namely, age, sex, human leukocyte antigens, and
weight, that significantly affect compatibility between
potential donors and recipients and is, thus, more
robust than previous solutions by reducing the risk of
failing procedures.
• Comprehensive Empirical Evaluation: We implement
and extensively benchmark SPIKE and show that it
significantly improves runtimes and communication
costs compared to the state-of-the-art. We achieve
about 30000× speedup over [9] and 400× over [10]
thanks to our carefully optimized hybrid secure
multi-party computation (MPC) protocols. Further,
we provide additional (micro-) benchmarks and net-
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work settings to further demonstrate scalability and
practicality of SPIKE.
• Open-source Implementation: SPIKE is available
under the GNU LGPL v3 license3 here: https://encry
pto.de/code/PPKE.

Related work
In this section, we summarize the related work on the
Kidney Exchange Problem (KEP) with and without considering data privacy.
Robust KEP solutions

One major issue in kidney exchange programs is the
potential cancellation of transplantations after having already determined exchange cycles of compatible
donors and recipients. Reasons for such cancellations
are manifold, e.g., a donor withdraws his consent, as his
non-compatible relative has already received a kidney via
the waiting list from a deceased donor in the meantime
[11]. These issues call for robust solutions to the KEP, i.e.,
flexibility for recipient/donor dropouts and including as
much as possible medical factors that can be algorithmically evaluated.
Carvalho et al. [12] propose three policies that are able
to cope with dropouts within an kidney exchange cycle.
One takes the costs (or missed gains) of planned transplants that do not proceed into account to find a solution
with high probability of being successfully executed. The
other two policies investigate strategies for recovering
exchange cycles after dropouts. The plaintext algorithms
in [12] are computationally expensive and, thus, cannot
be trivially realized as secure computation protocols.
Ashby et al. [13] introduce a calculator for determining compatibility in kidney exchange, which they use
to evaluate the importance of various medical factors,
such as age, sex, obesity, weight, height, human leukocyte antigen (HLA) mismatches and ABO blood groups
(see “Medical Background” Section). In our work, we
increase the robustness of our privacy-preserving kidney
exchange protocol by including the additional important biomedical factors from [13]. Furthermore, we recommend to use cycle sizes of two or three to reduce the
impact of withdrawals [11]. The size is also beneficial for
practical considerations with respect to medical staff and
other resources needed for transplantations, as all operations of one exchange cycle should ideally be executed
simultaneously. This recommendation reflects current
best practices [14].

3

https://www.gnu.org/licenses/lgpl-3.0
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Privacy‑preserving linear programming

Most currently used KEP solutions are based on Integer
Linear Programming (ILP) formulations of the optimization problem. However, due to its superpolynomial
complexity this is a largely unsolved space in the domain
of privacy-preserving protocols. While multiple works
considered secure linear programming using MPC (e.g.,
[15–17]), to our knowledge no results considering integer linear programming where some or all variables are
not elements of a continuous field but must be integers.
This research gap exsists for a good reason: Most exact
ILP solving algorithms are based on “Branch and Bound”
methods [18–20]. These methods find hyperplanes in the
parameter space enclosing possible solutions, thus, pruning large sections of the parameter space. Unfortunately,
a direct translation into the privacy-preserving realm
would be vulnearble to timing attacks, hence insecure.
Circuit-based MPC methods must exhibit deterministic
runtimes, regardles of the specific inputs. Unfortunately,
this disqualifies the privacy-preserving ILP approach for
this work, as the presented algorithms inherently contain
integer values in boundary conditions (e.g., encoding the
graph structure).
Privacy‑preserving KEP protocols

Just two works, both by Breuer et al. [9, 10], investigate
how to solve the kidney exchange problem in a decentralized privacy-preserving manner. Both consider the semihonest security model.
Privacy‑preserving KEP protocol with HE

The first protocol [9] uses homomorphic encryption
(concretely, a threshold variant of the Paillier cryptosystem [21]). It instantiates a computing party for each pair
of a non-compatible donor and recipient at the providing
hospital, thus, effectively creating a multi-party computation (MPC) protocol.
The protocol first pre-computes a set of all possible exchange constellations independent of any input
data. Cycles of all lengths up to 3 are computed (but an
arbitrary value could be chosen). Next, the pairs jointly
compute an adjacency matrix with the pair-wise compatibility based on HLA crossmatching and ABO blood
groups. Combining the results with the exchange constellations, the graph with the maximal size is delivered as
the output. The protocol’s runtime scales exponentially
with the number of pairs: starting with a runtime of 14
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seconds for two pairs it increases to 13 h for nine pairs.
Unfortunately, such runtimes are prohibitive for practical
deployment.

Table 1 HLA split antigens assessed for biomedical donor –
recipient compatibility testing in SPIKE

Privacy‑preserving KEP protocol with Shamir’s secret
sharing

HLA-A

In a concurrent work to ours, Breuer et al. [10] introduced a privacy-preserving KEP protocol for crossover kidney exchanges with polynomial computation
complexity. “Crossover” hereby means that the kidney
exchange is done among two pairs, i.e., the exchange
cycle size is limited to two in contrast to [9]. This limitation, however, enables a significant efficiency improvement for matchings with more than 13 pairs. For
example, with 15 pairs it reduces the runtime of the old
protocol [9] from 8.5 h to 30 min. Additionally, the new
protocol enables a dynamic setting, where donor-recipient pairs can be added/removed from the exchange
graph at any point in time. On the technical side, the
authors replace HE and fully rely on a MPC-technique called Shamir’s Secret Sharing (SSS) [22] implemented with the MP-SPDZ framework [23]. Beyond the
dynamic setting and the change to MPC, the new protocol employs the graph matching algorithm by Pape
and Conradt [24] for better efficiency in the matching
between compatible donors and recipients.
Our privacy-preserving KEP protocol SPIKE offers
significantly improved runtimes for real-world deployment. Our runtimes outperform the measured runtimes of previous works [9, 10], e.g., by a factor of
hundreds/thousands for 9 recipient-donor pairs with a
cycle length of 2. This is due to an efficient symbiosis
of three MPC techniques and protocol optimizations
that we will detail in the next section. Furthermore,
we improve the robustness of SPIKE by including four
additional biological factors notably impacting the
transplantation success rate [13]. Thus, our protocol
focuses on high medical quality rather than pure size,
while also significantly improving efficiency.

Background
In this work, we present a privacy-preserving solution
to the kidney exchange problem (KEP). We interpret the
KEP as an optimization problem, specifically finding
cycles with a maximal coverage of nodes on a compatibility graph and a maximal aggregated edge weight. The
graph is constructed according to medical compatibility factors. This section gives the required background
information to understand the underlying aspects of
biomedicine, graph theory, as well as the used privacypreservation techniques of secure multi-party computation (MPC).
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Medical background

In the following, we introduce the medical background,
i.e., biological factors used in our protocol that cause
general immunological incompatibility or influence
success likelihood for a kidney transplantation.
General immunological compatibility

While many medical factors are involved in the definite
assessment of donor-recipient compatibility, some can be
algorithmically determined. For example, one key factor
in avoiding allograft rejection—immunological compatibility—can be evaluated following evidence-based guidelines. Our kidney exchange protocol uses a specific form
of immunological compatibility, the HLA crossmatch, as
a transplant prohibiting factor.
Human leukocyte antigens crossmatch

The human immune system is responsible for the protection of the organism against potentially harmful invaders (called pathogens). Antigens are molecular structures
often found on the surface of pathogens, but also naturally occurring in the body. Antibodies can attach to
those structures, preventing the pathogens from docking,
thus inhibiting their harmful effect. One important group
of endogenous antigens, which occur in varying numbers
in every human, forming the immunological “fingerprint”
the immune system recognizes as normal, are the human
leukocyte antigens. Out of the three classes of HLA [25],
only classes I and II are of interest in this work.
With a HLA crossmatch general compatibility between
recipient and donor can be determined: The human
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leukocyte antigens of a donor are matched against existing human leukocyte antibodies of a possible recipient
[26]. HLA crossmatch positive kidney transplants carry
a significantly higher risk of antibody-mediated rejection
or allograft rejection due to already existing antibodies
[27, 28]. Modern immunosupressants might make such a
procedure possible [29], but those cases require specialized, in-depth medical assessment and are out of scope of
a general, algorithmic evaluation.
Following Eurotransplant’s guidelines [26], we consider
HLA groups, which are also most frequently screened
in preparation for kidney replacement therapy [30]: the
HLA encoded at HLA-A, -B, and -DR loci. Additionally, we consider the HLA-DQ coded antigens, which
are related to some cases of antibody-mediated rejection
[31]. The full list of HLA considered in SPIKE can be seen
in Table 1.
Match quality estimation

Additionally to the previously introduced procedure that
prevents immunological incompatibility, we strive to
find the medically best/most robust solution to the kidney exchange problem – that includes maximal survival
probability. For that, we calculate a match quality index,
based on the following additional medical factors:
(i) HLA match
Additionally to the HLA crossmatch, HLAs influence the probability of a successful transplantation.
Concretely, it increases if the donor has a subset
or the same HLA as the recipient. The number of
“mismatches” is associated with increased allograft
rejection rates, as the probability that a recipient
develops antibodies to those mismatched antigens
increases [32]. HLA mismatches do not constitute exclusion criteria, as immunosupressants can
reduce the rejection probability. The use of immunosupressants, however, is itself linked to higher
rejection rates [32–34]. Special importance comes
to the HLA-DQ group, as mismatches of it are
strongly linked to antibody-mediated rejections
[31].
Each person can inherit up to two types of HLA per
group. Hence, at most two mismatches can occur
per group [35]. The impact of HLA mismatches can
be categorized in four bins: having no mismatch, a
very rare case and mostly occurring in twin donorrecipient pairs, having 1–2 mismatches, having 3–4
mismatches, and, worst of all, having more than
5 mismatches [32]. The last group shows a more
than 6% cumulative risk for death with a function-
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Table 2 ABO compatibility [36]
Blood group

Can receive from

Can donate to

O

O

O, A, B, AB

A

O, A

A, AB

B

O, B

B, AB

AB

O, A, B, AB

AB

ing graft during the first year. We weight HLA mismatches according to those four categories.
(ii) ABO blood type
The ABO blood type system is based on the presence
or absence of two types of antigens on the surface
of the red blood cells [36]. The absence of both type
A and type B antigens mark blood type O, the presence of both mark blood type AB, and the presence
of only one mark blood type A and B, respectively.
Receiving blood with an incompatible blood type
leads to blood clumping due to an immune reaction
and a possibly failed procedure. Compatible pairings are given in Table 2.
By pre-processing the donor organ, grafts from ABO
incompatible donors are possible [37], although
linked to severe adversary reactions during the first
year post transplantation. These reactions include a
higher risk of allograft loss, severe viral infections,
antibody-mediated rejections, and postoperative
bleeding. After this first year, however, the longterm survival rate is comparable to ABO compatible transplants [37].
(iii) Age
According to Waiser et al. [38], also age disparity
influences allograft survival post transplant. The
authors examined the role of age of the donor and
recipient using two categories: junior participants
aged below 55 years and seniors participants older
than 55 years. The results show that intra-categorical transplants show the best outcomes, followed by
pairings of junior donors and senior recipients. The
worst outcomes were observed for pairings with
senior donors and junior recipients.
(iv) Sex
As shown by Zhou et al. [39], the combination of
donor-recipient sexes impact the transplant success probability. The worst allograft survival rates
were observed in male recipients for female donor
organs, while same-sex pairs performed slightly
better than female recipients for male donor organs.
(v) Weight
Recipients, who received a kidney from a donor, who
weighs less, have higher chances of allograft loss
than other recipients [40]. El-Agroudy et al. [41]
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reason that the allograft loss for recipients with kidneys from lighter donors might be caused by the
kidney being unable to support the body functions
of a heavier recipient.
Graph theory

We represent the structure of the kidney exchange problem (KEP), as a (bipartite) graph problem. A graph G consists of a set of vertices V and an edge set E connecting
the vertices. Technically, we deal with a bipartite graph,
i.e., consisting of two different sets of vertices (donors
and recipients), but as those register pairwise for the
kidney exchange, we can “collapse” each donor-recipient
pair into one vertex in V . If two vertices v, u ∈ V are connected by an edge, then (v, u) ∈ E . We consider a directed
graph with directed edges from v to u. Furthermore, we
use weighted edges by associating a scalar weight to each
edge, according to its “importance” in the network. The
weights represent the degree of medical compatibility.
We only allow positive edge weights.
Our goal is to find all cycles within the graph. A cycle
c is a list of vertices {v1 , v2 , ..., vm }, where an edge exists
from vertex vi to vi+1 for i ∈ {1, ..., m − 1} and, to close the
“loop”, from vertex vm back to vertex v1. In a vertex disjoint cycle, each vertex appears at most once within the
cycle. We define the length of a cycle as the number of
edges that are used to form that cycle.
One representation of a (weighted) graph structure is
the adjacency matrix, a square matrix A with one row/
column for each vertex. If an edge exists between vertices
i and j, then, the entry aij = w , with w > 0 being the edge
weight and aij = 0 otherwise. This work uses the fact that
by raising the adjacency matrix to the ℓth power, one can
quickly compute the number of paths between two vertices with a given length ℓ. That means, that vertices i and
j are connected by (Aℓ )ij paths of length ℓ. The diagonal
elements give the number of cycles of length ℓ by finding
paths starting and ending on the same vertex.
Secure computation

Secure computation techniques enable multiple parties
to securely evaluate an arbitrary function on their private inputs. Ideally nothing is leaked beyond what can be
inferred from the output. A secure computation protocol
must be able to realize this functionality without relying on a trusted party. To verify its security, it is typically
compared to the so-called ideal functionality, which is a
trusted third party that runs the computation on behalf
of the data owners.
Privacy research has mainly worked on two paradigms for secure computation: Homomorphic Encryption (HE) and Secure Multi-Party Computation (MPC).
HE schemes are special public-key encryption schemes
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that allow to realize (some limited) mathematical operations under encryption. However, they tend to be computing intensive making them (yet) often unsuitable for
real-world applications. In contrast, MPC techniques
are typically more efficient with respect to computation,
as they are mainly based on efficient symmetric encryption and secret sharing. Additionally, MPC protocols
can compute arbitrary functions. They are typically split
into a setup and an online phase, where the setup phase
is independent of the input data and, thus, can be precomputed. This separation enables to significantly speed
up the time-critical online phase as pre-computation can
be done in idle times when input data is not yet available.
However, MPC involves two or more parties, who jointly
evaluate the desired function in a secure manner, hence,
it requires communication among the parties. Both paradigms have already been used in the context of privacypreserving genome-wide association studies [42–44], as
well as other applications in the health care area [45–48].
To have provably secure privacy guarantees while
achieving practical efficiency, SPIKE efficiently combines
multiple MPC techniques, which we introduce in the
following.
Secure multi‑party computation (MPC)

Introduced by Andrew Yao’s seminarial work “How to
Generate and Exchange Secrets” [49] in 1986, secure
Multi-Party Computation (MPC) was considered a theoretical field first. MPC are cryptographic protocols that
can securely compute an arbitrary function among two
or more parties on their private inputs. Enabled by the
rapid development of computer hardware and the development of the first MPC compiler “Fairplay” [50], first
practical uses were demonstrated around the year 2004.
Since then, MPC is a flourishing research field and due
to novel protocols and optimizations, such as “Free XOR ”
[51] or “Halfgates” [52], practical applications in many
fields were shown [45, 53, 54].
In this work, we rely on three well established secure
two-party computation techniques, i.e., the secure computation protocols are run among exactly two parties:
Arithmetic Secret Sharing (A ), Boolean Sharing (B ),
both based on [55], and Yao’s Garbled Circuits (Y), originally introduced in [49]. Each technique differs in how it
creates (shares) and reconstructs secrets, but also how
(efficiently) certain types of operations can be realized.
Secure outsourcing

Although we use two-party MPC to perform the computation, any number of parties can provide input data.
This method of secure outsourcing [56] works by all data
owners secret sharing their data and sending one share
to each of the two non-colluding computation servers.
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Secret sharing, thereby, means that the sensitive data is
split into two random looking shares and each of the two
computation servers receives only one of those. Specifically, a single computing server cannot infer any information about the secret input data from its share. Instead,
the sensitive information can only be obtained when
the secret shares of both servers are combined. The two
computing servers, then, perform the actual secure computation on behalf of the data owners on the random
looking secret shares, while not being able to learn anything about the private input data. To summarize, in the
outsourcing scenario an arbitrary number of data owners
can participate without leaking/uploading any sensitive
information to an external party.
This scenario has three main benefits:
• The communication of N-party MPC scales at least
linearly, often quadratic in the number of participating parties [57]. By outsourcing the N-party computation to M ≪ N parties, here M = 2, the complexity is improved substantially.
• As the input owners do not participate in the computation itself, the outsourced protocol provides security against malicious data owners [56]. At most they
can corrupt the correctness of the calculation, but
not the privacy.
• The location of the computation servers can be
chosen pragmatically, e.g., two locations with high
bandwidth and low latency network connection. Of
course, the computation servers are assumed to not
collude.
• Compared to N-party MPC setups, two-party MPC
requires to trust exactly one computation server. A
data owner can also run one himself. Using N > 2
non-colluding parties can be more efficient [58, 59],
but ensuring the non-collusion among all N parties is
more challenging/might not be realistic. Full threshold N-party MPC schemes [60], i.e., where all but
one party can be compromised, significantly reduces
efficiency/increase communication.4 To summarize,
outsourcing to two non-colluding servers offers a
good trade-off between efficiency and security.
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Table 3 Garbled AND gate
Input w0

Input w1

Output w2

Garbled value

k0w0

k0w1

k0w2

k0w0
k1w0
k1w0

k1w1
k0w1
k1w1

k0w2
k0w2
k1w2

Enck w0 ,k w1 (k0w2 )
0

0

0

1

Enck w0 ,k w1 (k0w2 )
Enck w0 ,k w1 (k0w2 )
1

0

Enck w0 ,k w1 (k1w2 )
1

1

Security model

In our work, we consider the semi-honest security model,
where the two computation servers are assumed to be
honestly following the protocol, while trying to learn as
much information as possible. By “honestly following
the protocol” we, thereby, mean that they adhere to the
specifications of the protocol, e.g., they do not manipulate local calculations or provide inconsistent data.
Additionally, the two computation servers are assumed
to not collude. This security model provides protection
against curious personnel or accidental data leakage and
the omission of a trusted third party further reduces the
impact of a potential data breach. Although weaker than
the malicious security model, where the parties might
arbitrarily deviate from the protocol, the semi-honest
security model is sufficient for our use case, as hospitals
are generally trusted, but legally not allowed to simply
share the data among each other. Furthermore, the semihonest security model enables significantly more efficient computation than the malicious model and, hence,
provides a good efficiency-privacy trade-off. While the
European Data Protection Board recommends security
against malicious adversaries when performing joint
calculations with parties under jurisdiction of insecure
countries [62], the semi-honest security model is the
predominant model in data protection concepts for federated medical research5. Hence, it is a valuable security
model in our application scenario. Previous works on
privacy-preserving KEP protocols [9, 10] are also in the
semi-honest security model.
Notation

In the following, xsi denotes a secret share of x shared
using MPC technique s ∈ {A, B, Y } and held by party Pi ,
where i ∈ {0, 1}.
Yao’s garbled circuits

4

As mentioned above, the communication of MPC protocols generally
scales quadratically in the number of parties, thus, more parties significantly
increase communication cost. When considering full threshold security,
runtimes significantly increase as well. The state-of-the-art MPC framework
MOTION [60] which offers full threshold security provides several benchmarks comparing to the two-party MPC framework ABY [61]. In a LAN setting, it takes ABY less than 0.1 seconds (online runtime) to securely compute
an AES-128 circuit with two parties while MOTION requires at least twice
(resp. four times) the time with three (resp. five) parties.

(Y )
Yao’s Garbled Circuits enable two parties, called the
garbler and the evaluator, to securely evaluate a function
f represented as Boolean circuit, i.e., a directed acyclic
5

For examples see [63] and [64] (in German language).
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graph, where the nodes are logic gates and the edges
(called wires) are the Boolean in- and outputs. For functional completeness AND and XOR gates are sufficient.
The garbler generates random keys for each possible state
of each wire k0w , k1w ∈ {0, 1}κ , where κ is the symmetric
security parameter (set to κ = 128 in our implementation) and w is the respective wire. For all input combinations of each gate in the circuit, it uses the input keys to
encrypt the corresponding output key (cf. Table 3). The
order of the four ciphertexts is then permuted randomly
and the garbled circuit is sent to the evaluator together
with the keys associated to the garbler’s input. As those
keys look random, the evaluator cannot extract any information about the input of the garbler. Next, the evaluator engages in an oblivious transfer [65, 66] to receive
the keys for his input without revealing it to the garbler.
Equipped with all keys, it evaluates the garbled circuit
to receive the circuit’s output keys, which the parties
jointly decode. Thanks to several optimizations, e.g., [51,
52, 67], Y requires no communication for the evaluation
of an XOR gate and only 1.5κ bits of communication for
AND gates. Y needs a constant number of communication
rounds independent of the circuit depth.
Boolean and arithmetic secret sharing

(B/A)
In Additive Arithmetic Secret Sharing (A ) operations
on ℓ-bit inputs are done in an algebraic ring Z2ℓ, where ℓ
is the bit length. Although the technique can also be used
among an arbitrary number of parties [68], we focus here
on the two party setting as introduced by Goldreich et al.
[55].
To share a secret value x, party Pi , i ∈ {0, 1}, generates a random value r ∈R Zp and sets its arithmetic
share to �x�A
i = r . Then, Pi also determines party P1−i ’s
A
share �x�1−i = x − r mod 2ℓ and sends it to P1−i . To
reconstruct the secret, one needs to know both shares
A
ℓ
and compute x = �x�A
0 + �x�1 mod 2 . Boolean Secret
Sharing (B ) describes the special case, where ℓ = 1, viz.
Z2 = {0, 1}.
B
Note that a share xA
i (resp. xi ) is random and does
not leak anything about the secret x. Secure addition
(respectively, XORing in B ) can be executed locally, that
is without communication between the parties. Secure
multiplication (respectively, AND in B ) is done in an interactive protocol among the two parties using so-called
multiplication triples [61, 69, 70]. Using only addition
and multiplication (similarly, AND and XOR ) arbitrary
functions can be calculated.
ABY framework

All three MPC techniques are implemented in the stateof-the-art secure two-party computation framework ABY
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IDs

IDs
IDs

IDs

Ideal TTP

Fig. 2 Ideal functionality for a secure privacy-preserving protocol
solving the kidney exchange problem (KEP)

[61], which we use in our experiments6. Additionally,
ABY also contains efficient conversions between them
and supports Single Instruction Multiple Data (SIMD)
operations to parallelize identical operations on different
data, while reducing memory usage and runtime. Arithmetic Secret Sharing in ABY is performed on the ring
Z2ℓ, that is with 2ℓ elements, where ℓ is the bitlength of
the data type (most often ℓ = 32bit ). A recent work by
Patra et al. [53] improves [61] by making the online communication of scalar multiplication independent of the
vector dimensions and reducing online communication
for AND gates with two inputs in B by a factor of 2. Unfortunately, these protocols have been implemented only
very recently in MOTION2NX [72], which is why we use
[61] in our implementation.

Methods
In this section, we first define the privacy-preserving
Kidney Exchange problem (KEP) and its requirements.
Then, we present our solution, which we name SPIKE,
consisting of tailored modular secure MPC protocols and
include a complexity analysis.
Problem statement

Figure 2 shows the ideal functionality for solving the privacy-preserving KEP in a provably secure way. Assuming the (not realistic) availability of a trusted third party
(TTP), hospitals send the data of recipients and donors
to the TTP, which calculates cycles of pairs of recipients
and donors with the highest probability to be compatible.

6

Note that our protocols in Section “Methods” can also be instantiated with
other MPC frameworks. For example, an instantiation with MP-SPDZ would
also enable the switch to a malicious security model but at the costs of significantly reduced efficiency [71]. However, considering the security and efficiency requirements discussed in the Subsections “Outsourcing Data-Model”
and “Security Model”, 2-party MPC with the ABY framework offers the best
trade-off.
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Then, the TTP returns for each recipient the information
about his/her donor to the respective hospital. Note that
a final evaluation must still be done by medical experts. A
privacy-preserving KEP protocol is meant for automatizing and, thus, accelerating, the process of the creation of
the kidney exchange cycles.
Requirements We define the following requirements for
a secure privacy-preserving KEP protocol:
• Privacy The privacy-preserving KEP protocol must
realize the same functionality as described in the
ideal functionality, while removing the problematic assumption of a TTP, i.e., it must leak nothing
beyond what can be inferred from the output.
• Efficiency The privacy-preserving KEP protocol must
be efficient in terms of communication and computation, such that it can be run in reasonable time on
standard server hardware.
• Decentralization The privacy-preserving KEP protocol must be decentralized, i.e., the highly sensitive
medical information of donors and patients must
remain locally at the respective medial institution
(inherently being compliant with the data minimisation principle).
• Adaptability for Medical Experts The priva-cypreserving KEP protocol must be flexibly adaptable
for medical experts with respect to the selection of
biological factors for the algorithmic evaluation of
compatibility. They must be able to adjust the weighting between the included factors and cycle lengths
according to state-of-the-art medical advancements.
The protocol must be easily extendable to new factors and additional HLA groups.

SPIKE: a MPC‑based privacy‑preserving KEP protocol

In this section, we provide the building blocks for our
Secure and Private Investigation of the Kidney Exchange
problem: SPIKE. It fulfills above requirements (see also
the overview of the phases in Fig. 1).
First, we explain the matching phase, which analyzes
the compatibility between donors and recipients using
six biological factors presented in the "Background" section. Then, we continue with the determination of the
number of potential exchange cycles given a cycle length.
The third phase computes the probability of a successful transplantation based on the matching results for all
potential exchange cycles. In the final phase, we output
a robust set of disjoint exchange cycles, i.e., with a high
probability for compatibility. The final result contains a
combination of disjoint exchange cycles that maximizes
the likelihood of as many transplantation as possible
being successful. The weight of a cycle c is denoted by
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wc where a higher value indicates a higher likelihood of a
transplantation being successful. Thus, the weight of a set
of disjoint cycles C , i.e., the likelihood for as many transplantation being successful in the set, can be described
as the sum of all cycles wci for i ∈ {1, . . . , |C |} in the set.
The weight of a cycle is determined by the sum over all
edge weights we in the cycle. Finally, the weight of an edge
is determined by the sum over the results of all matching criterion which are multiplied by a weight which can
be assigned by medical experts to highlight certain biomedical factors. Note that we write this computation as a
 where p (k, l)
dot product between a vector p (k, l) and w
contains the results of the matching between pair k and l
 the respective weights of each critein vector form and w
rion. Equation (1) describes the previous conditions. To
achieve the described result, we greedily select disjoint
cycles in decreasing priority according to the weight of
each individual cycle.
:=wci
|C |

|cLen|

max

�
p� (k, l) · w
i=1

(1)

j

j=1
:=wej

i

Note that our solution is a local optimum which is computed with a greedy algorithm while the solutions by
Breuer et al. [9, 10] are globally optimal. We argue that
a locally optimal solution is sufficient in our application
scenario for two reasons: First, we assume that the locally
optimal results are in close proximity of the global optimum, as real world data sets will likely show sparse compatibility and the additional medical compatibility factors
considered by SPIKE will increase the solution quality.
Second, the additional expert evaluation following the
algorithmic matching will most likely introduce a much
higher variance in the chosen solution. The empirical
evaluation of those two claims are interesting points for
further research requiring real-world kidney exchange
data sets. The protocol presented by Breuer et al. [10]
enables usage in a dynamic setting, i.e., a setting in which
donor-recipient pairs are put together in a pool where
pairs come and go over time. They run their matching
protocol on a subset of the pairs of the pool and, afterwards, evaluate the resulting compatibility graph. By
design, SPIKE enables usage in a dynamic setting, too,
since each part of the protocol can be executed independently of the others parts as long as they receive the output of the previous parts. Such a dynamic setting can also
be adapted to an outsourcing scenario. Each input party
has their own pool of donor-recipient pairs where they
can select a random subset of pairs and send them to the
computing parties.
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Table 4 matchHLA(hlad B: vector, ahlar B: vector) → int
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Table 5 computeCompatibilityGraph(pairsB: vector, wA:
vector) → weighted adjacency matrix

Notation

We use Boolean operators to concisely present our MPC
protocols: ∧ is AND, ∨ is OR , ¬ is Not, and ⊕ is XOR . 0/1
are False/True. |x| indicates the length of a vector x, i.e.,
the number of elements. Non trivial variable names in
protocols are written in sans serif, function names (and
calls) monospaced. Branching, implemented with MUX
(multiplexer) Gates, is displayed using ternary notation:
condition ? true statement : false statement.
Compatibility matching

The first phase of SPIKE is called compatibility matching.
In this phase, we compare the pair-wise general compatibility and match quality of all donors and recipients with
respect to human leukocyte antibodies and antigens,
ABO blood group compatibility, age, sex, and weight. The
output of this phase is a weighted compatibility graph,
where the edge weights indicate the probability of compatibility for each pair.
We present the main protocols for the compatibility
assessment in the following. The subprotocols for assessing the individual matching criteria HLA mismatches,
ABO blood type, age, sex, and weight are given as Additional file 1: Tables S1–S6 in the Appendix.
The HLA crossmatch subprotocol is shown in Table 4.
It tests whether the human leukocyte antigens of the
donor are unsuitable to the human leukocyte antibodies
of the recipient rendering them incompatible.
The subprotocol takes a vector with the antigens
of a donor hlad and a vector with the antibodies of the
recipient ahlar as input. The number of observed HLA,
denoted by |HLA|, is publicly known. A vector comp
stores whether the recipient possesses an antibody
against any of the donor’s HLA (cf. Line 3). For enhanced
efficiency, we parallelize this comparison as Single
Instruction, Multiple Data (SIMD) operation, such that
all HLA matches of one patient are computed in just one
step. Afterwards, the overall compatibility (i.e., no antigen-antibody mismatch was found) is computed with
OR gates in a tree structure, to reduce the (multiplicative) dephts of the circuit from |HLA| to log2 (|HLA|). To
prepare for further processing, we invert combined and
return it as result of the HLA crossmatching in Line 6.
In Table 5, we present our MPC protocol that combines
the results of the evaluated six medical criteria influencing the compatibility of a kidney donation into a weighted

adjacency matrix indicating the donor-recipient compatibility, named compG.
It takes a vector pairs containing all possible pairs
of donors and recipients and a vector w with a weight
for each criteria (i.e., how much it influences the overall probability for good compatibility compared to the
other factors) as input. Lines 4 to 6 additively combine
the computed weighted probability of each compatibility
criterion and assign it to the respective edge representing the donor of the i-th pair and the patient of the j-th
pair, where i = j and i, j ∈ {0, . . . , |pairs| − 1}. In Line 7,
we additionally check whether the i-th donor and the
j-th patient exhibit general immunological compatibility using the HLA crossmatch subprotocol (cf. Table 4).
If this is the case, we store the result of the edge weight
at the respective index, otherwise, we store the secret
shared constant 0.
MPC Cost. The two sections in Table 4 evaluate |HLA|
AND gates (as SIMD) and log2 (|HLA|) OR7 gates, respectively. Finally, we invert combined once. This results in
a circuit depth of log2 (|HLA|) + 1 and a total number of
AND gates of 2 × |HLA|. Boolean sharing (B ) is used in
this protocol, as Boolean operations are performed and
the circuit depths is low, thanks to the SIMD vectorization [61].
To fully assess the matching quality (Table 5), all criteria have to be evaluated for each recipient, i.e., Table 4
and Additional file 1: Tables S1, S2, S4, and S6 are run
|pairs|2 times. Then, in Table 5, we additionally evaluate five multiplications, five additions, one comparison,
one AND gate, and one MUX gate. Due to the arithmetic
operations in this protocol, the results of the compatibility evaluation protocols must be converted between
B and A.

7

A ∨ B = 1 ⊕ ((1 ⊕ A) ∧ (1 ⊕ B))
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matrix)

→
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Table 7 findCycles(compGY : matrix, cCycle: vector,
allCyclesY : vector, weightY : int, validY : int) → vector of tuples

Cycle computation

The second phase of SPIKE computes the number of possible kidney exchange cycles given a concrete input cycle
length8 from the compatible donors and recipients that
were output by the compatibility matching. Our MPC
protocol for this part is shown in Table 6.
Table 6 takes the secret shared weighted compatibility graph compG as input. The desired length of cycles
cLen is public. We first compute the unweighted adjacency matrix in Line 2 (cf. Additional file 1: Table S7, in
the Appendix). For the unweighted matrix, we compute
the cLen-th power using a naïve implementation9. The
entries in this resulting matrix indicate how many paths
of length cLen start at vertex i and end at vertex j. For
cycles, the entries are on the diagonal, as start- and endvertex are identical. Following this thought, the sum of
the entries of the diagonal is the total number of cycles
with the given cycle length cLen. Note that this number
contains duplicates, namely, “congruent” cycles that are
the same, but were found via a different start/end vertex.10 We remove the duplicates later in Additional file 1:
Table S9 (described in the Appendix).
MPC Cost. Table 6 contains mostly arithmetic operations (|pairs|3 multiplications and (|pairs|3 − |pairs|2
additions), however, the computation of the unweighted
adjacency matrix is most efficiently performed in B
|pairs|2 comparisons and MUX gates). For that reason we
convert compG from A to B (cf. Line 1) and back (in
Additional file 1: S7).
Cycle evaluation

The third phase of SPIKE then identifies the most likely
successful unique exchange cycles consisting of compatible pairs of donors and recipients and sorts them in
descending order with respect to their weight.

Our first subprotocol for this phase, shown in Table 7,
finds all exchange cycles of the desired length (including duplicates) and computes the weight of each cycle.
This weight is the sum of all included weighted edges.
As mentioned before, the weight associated with an
exchange cycle indicates the probability of the transplantation being successfully carried out, i.e., its robustness.
The subprotocol takes the secret shared compatibility
graph compG output by Table 5, the currently analyzed
exchange cycle cCycle, its secret shared weight weight,
a secret shared counter valid, which tracks the number
of edges in cCycle, and a vector of secret shared tuples
allCycles, which will be consecutively filled with all
possible exchange cycles and the corresponding sum of
weights. In a recursive execution of Subprotocol 7, this
vector is filled, as explained in detail in the following.
The desired output cycle length cLen and the number of
recipient-donor pairs |pairs| are public. Contrary to the
protocols in [9, 10], the output number of cycles |cycles|
found in Table 6 is revealed for efficiency reasons. We
consider this leakage as acceptable since it leaks only a
very high-level aggregate property, generally not allowing the inference of the compatibility graph’s topology11.

8

As discussed in the Related Work, we recommend 2 to 3 to foster robustness.
9

Even though exhibiting a cubic runtime complexity, this part’s performance is negligible compared to the following parts (cf. Fig. 4), hence, an
optimization is not vital.

10
Cycle (A, B, C) and cycle (B, C, A) are duplicates, but cycle (C, B, A) is
not.

11
Exceptions are fully connected and unconnected graphs, as well as for
|cycles| = 1 at pathological graph topologies. The first topologies have no
security implication whatsoever and the later can, e.g., be easily avoided by
introducing a check ensuring that the output is only revealed when more
cycles have been found.
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Table 8 evaluateCycles(compGY : matrix) → vector of
tuples

In the legal sense, the revealed number is considered
non-sensitive as well, as it is an aggregated, anonymized
datum.
Table 7 first checks if the currently analyzed exchange
cycle cCycle already has the desired length cLen. If this
is the case, the weight of the last edge is added to the
respective sum of this cycle’s weights in Line 2. Next,
each valid cCycle is added to allCycles with its respective sum of weights. A cCycle is valid, if it is closed
(cf. Lines 3–4). An invalid cycle is associated with weight
zero (cf. Line 5). Note that a weight of zero does not contribute to the solution, hence a cycle with weight zero
is never considered for a solution. In Line 8, the operations done in Lines 2–3 are reverted to restore the state
of cCycle before the last edge was added, i.e., the weight
of the last edge is subtracted from weight and valid is
decreased by 0 (no edge) or 1 (edge).
Cycles that do not have the desired length yet are handled in Lines 10–21. For these exchange cycles, the subprotocol checks whether they are already part of cCycle,
as each vertex may only appear at most once (cf. Line 11).
If it is not included, the weight of the edge from the previous to the new vertex is added by increasing cCycle’s
weight and counter validY , and the new vertex is added
to cCycle (cf. Lines 14–16). Afterwards, Table 7 is recursively called again with the newly added vertex. Once the
function returns, we revert the operations done before to
be able to analyze the next cycle (cf. Lines 18–19).
The second subprotocol of the cycle evaluation
(cf. Additional file 1: Table S9 in the Appendix) removes
duplicates from the exchange cycles set. It extracts

#unique = ⌊ #cycles
cLen ⌋ cycles and returns the k cycles with
the highest probability for a successful transplantation.
Table 8 combines the previously discussed subprotocols. It first calculates the sum of weights for each cycle
with Table 7 (findCycles) and sorts the result using Additional file 1: Table S8 (kNNSort), such that only the k
cycles with the largest weight are output. Those are all
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Table 9 evalSolution(filteredCyclesY : vector of tuples) →
tuple(int, vector of vectors)

valid cycles, possibly including duplicates. Afterwards,
the protocol removes all duplicates within the k cycles.
MPC Cost. The complexity of Subprotocol 7 depends
on the number of pairs |pairs|, cLen, and the number
of possible cycles |allCycles|. It is most efficient in Y ,
as the MUX gates are not independent, thus, creating a
deep circuit of depth O(|allCycles| × |cycles| × cLen).
For
removing
duplicates
and
extracting
the
most robust k exchange circuits, we evaluate
#cycles
#cycles × (#unique + i=0
(cLen × (cLen − 1)) )
#cycles
comparisons, #cycles × i=0 ((cLen × (cLen − 1)))
#cycles
AND gates, #cycles ×
(cLen − 1) OR gates,
i=0
#cycles ×#unique × (1 + cLen) + #cycles MUX gates.
This step is most efficient with Y , as the circuit is very deep.
Thus, the complete cycle evaluation routine is most efficient
in Y , as each of our subroutines is most efficient in Y.
Solution evaluation

The fourth phase of SPIKE determines the final output,
a set of disjoint exchange cycles exhibiting the highest
probability for a successful transplantation. As a pair of
donor and recipient can only be involved in one exchange
cycle, the output sets must be vertex disjoint. Thus, the
resulting set contains a combination of disjoint exchange
cycles that greedily maximizes the number of exchanges
with respect to the likelihood of the transplantation being
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Table 10 Complexity assessment
Phase

Name

Part 1

Compatibility matching

Part 2
Part 3

Part 4

Cycle computation
Cycle evaluation

Solution evaluation

successful. Note that we find a locally optimal solution,
which might differ from the globally optimal solution12.
The locally optimal solution is computed using a greedy
algorithm. This last part of SPIKE is shown in Table 9.
Table 9 takes a secret shared vector of tuples
filteredCycles with all valid unique cycles and their
respective weights, the number of valid cycles |unique|,
and the cycle length cLen as input. The number of pairs
|pairs| is a public variable as before.
It checks each valid cycle cCycle whether it is disjoint
from all other previously analyzed cycles in tempSet.
The MPC subprotocol for testing the disjointness is
given in Additional file 1: S11 in the Appendix. If it is
disjoint, cCycle is added to the set of potential solutions
(Lines 16–22). Finally, the set with the highest weight is
returned. Details of the corresponding MPC protocol can
be found in Additional file 1: Table S12 in the Appendix.
MPC Cost. In total, we evaluate |unique|2 ADD
|unique|2 × cLen2 + |unique|
gates,
comparisons,
4 × |unique|2 + |unique| MUX, and |unique|2 × cLen2
OR gates. The solution evaluation is most efficient in Y
, as there are only few arithmetic operations and mostly
comparisons.
Complexity assessment

In Table 10, the asymptotic complexities for the four
phases of SPIKE are given.

12

Calculation of a global solution is provably a N P -hard problem [73].

Protocol

Time complexity

Table 4

O(|HLA|)

Additional file 1: Table S1

O(|HLA|)

Additional file 1: Table S2

O(1)

Additional file 1: Table S4

O(1)

Additional file 1: Table S5

O(1)

Additional file 1: Table S6

O(1)

Table 5

O(|pairs|2 × |HLA|)

Additional file 1: Table S7

O(|pairs|2 )

Table 6

O(cLen × |pairs|3 )

Additional file 1: Table S10

O(1)

Table 7

O(|pairs|cLen )

Additional file 1: Table S8

O(|cyclesSet| × k × cLen)

Additional file 1: Table S9

O(|cycles|2 )

Table 8

O(|pairs|cLen )

Additional file 1: Table S11

O(|cycles| × cLen)

Additional file 1: Table S12

O(cycles|2 )

Table 9

O(|cycles|3 × cLen2 )

The most important parameters of the first part, the
Compatibility Matching shown in the first section of the
table, are the number of HLA (cf. Background) |HLA|
and the number of pairs |pairs|. In the default configuration, |HLA| is 50. For the second phase, the dominant parameter is the number of pairs |pairs|. In the
third section of Table 10, the asymptotic complexity
for the Cycle Evaluation is given. The relevant parameters here are the number of pairs |pairs|, the total number of cycles |allCycles| = |pairs|cLen, the number of
existing cycles |cycles|, the number of unique cycles

|unique| = ⌊ |cycles|
cLen ⌋, the length of cycles cLen, and the
factor k (i.e, the number of cycles with highest probability for successful transplantation), and the number of
elements in cyclesSet, |cyclesSet| of Table 8. The most
important parameters of the last phase, the Solution
Evaluation, are the number of unique cycles |cycles|, and
the length of cycles cLen.
Overall, the asymptotic complexity of SPIKE is:
O(|pairs|2 × |HLA| + cLen × |pairs|3 + |cycles|3 × cLen2 ).

The most most important parameters are the number of
pairs |pairs|, the number of considered HLA |HLA|, the
length of cycles cLen, and the number of unique cycles
|cycles|.
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Fig. 3 Overall runtime of SPIKE for cycle lengths L = 2 and L = 3 in both network scenarios. The dashed line shows the extrapolated power
function for L = 3

Results
All benchmarks were run on two servers equipped with
Intel Core i9-7960X processors and 128 GB RAM. They
are connected via 10Gb/s LAN with a median latency of
1.3ms. All benchmarks are averaged over 10 runs.

WAN

To provide meaningful performance benchmarks for a
variety of real-world settings, we envision two network
settings for the privacy-preserving KEP protocol that we
describe in the following. In addition, for the comparison to the works of Breuer at al. [9, 10], we replicated
their network setting with 1Gb/s bandwidth and 1ms
of latency.

One benefit of a MPC-based privacy-preserving KEP
solution could be reduced legal and regulatory data protection requirements, due to the high security level of
the computation itself. This would allow smaller, local
hospitals and medical practices to directly participate in
the kidney exchange. Those institutions might be connected via residential Internet access. For that scenario,
we benchmarked SPIKE in a reduced-bandwidth, high
latency network. A bandwidth restriction to 100Mb/s
with added latency of 100ms was implemented using the
tc14 command to simulate the WAN network. The high
latency was chosen to take packet loss due to unreliable
connections into account.

LAN

Performance benchmarks

Network setups

The high-bandwidth, low latency network scenario, here
referred to as LAN, is the most relevant real-world scenario for our application. In Germany, most (larger)
medical institutions utilize high-bandwidth Internet
connections. In the case of most university hospitals the
German Research Network (“Deutsches Forschungsnetz”
DFN13) provides dedicated, high bandwidth communication networks. Our LAN benchmarks are performed
using a 10Gb/s connection with an average latency of
1.3ms.

Figure 3 shows the total runtime of SPIKE for varying numbers of pairs, both network settings, and cycle
lengths L = 2 and L = 3. The full results are in the Additional file 1: Tables S13–S20 in the Appendix.
During the evaluation of longer cycles ( L ≥ 3) RAM
utilization proved itself to be a bottleneck for execution. For those scenarios, we benchmarked up to RAM
exhaustion and extrapolated the runtimes according to
the underlying power-law complexity. The extrapolation is shown with a dashed line. The sudden increase in

13

14

https://dfn.de/

https://man7.org/linux/man-pages/man8/tc.8.html
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Fig. 4 Runtime of SPIKE for L = 2 separated by algorithmic parts, protocol phase, and network setting

runtime for L = 3 between 12 and 13 pairs occurs due to
swapping.
As a general result, the expected polynomial relationship between the number of pairs and the overall runtime
can be observed, reflected in the power-law development in the semilog graphs. For L = 2, we achieve a total
runtime of under 4min for 40 pairs, thus, demonstrating real-world applicable performance. The WAN setting increases the overall runtime by less than an order
of magnitude. Calculation times under 20min for 40 pairs
in this setting render the participation feasible for physicians with residential Internet connections. To find a
solution for larger cycle lengths, the exponent in the time
complexity increases, increasing the runtimes significantly. But even then 25 pairs are computable in around
1 h. Extrapolated to data set sizes of 100 pairs, SPIKE is

able to finish the calculation for cycle length L = 2 in just
over 2 h15.
Figure 4 shows the runtimes of the individual parts of
the algorithm ( L = 2). It is clearly visible, that the medical compatibility testing and graph creation, as well as the
cycle computation quickly become negligible compared
to the runtimes of cycle evaluation and the evaluation
of the global solution. The duration of online and offline
phases are in the same order of magnitude. By executing the phases separately, a 134% performance increase
in the online execution can be achieved, compared to the
accumulated runtime (cf. Fig. 3).

15
Based on a power function f (x) = a · x b + c fit with the parameters
a = 0.003563, b = 4.673 and c = 1005 giving the runtime in milliseconds.

Birka et al. BMC Medical Informatics and Decision Making

(2022) 22:253

LAN: 1 Gb/s + 1 ms Latency
100,000

Runtime [s]

10,000
1,000
100
10
1
0.1

0

20

40

Number of Pairs
Breuer et al. 2020 L = 3
Breuer et al. 2022 L = 2

This Work L = 3
This Work L = 2

Fig. 5 Runtime comparison between this work with cycle lengths
L = 2 and L = 3, and both Breuer et al. 2020 (L = 3) [9] and Breuer
et al. 2022 (L = 2) [10]. All measurements use a LAN network setting
with 1Gb/s bandwidth and 1ms latency. The dashed line shows the
extrapolated power function for our algorithm at L = 3

Comparison to state‑of‑the‑art

In Fig. 5, we compare the runtime of our implementation for L = 2 and L = 3 with two implementations
from Breuer et al. [9, 10]. The first implementation [9]
uses a Threshold Homomorphic Encryption scheme
and enables to solve the privacy-preserving KEP with
arbitrary cycle length, as in SPIKE. The maximum cycle
size is set to L = 3 in their benchmarks. The second one
[10] is based on three-party honest majority Shamir’s
Secret Sharing using the MP-SPDZ framework and limits its cycle length to L = 2. The performance data for
both implementations is taken from the referenced
publications.
Our implementation, as well as the MP-SPDZ based
state-of-the-art [10], shows a polynomial-bound powerlaw graph. The Homomorphic Encryption-based
implementation shows clearly an exponential runtime
development, increasing rapidly. For 9 pairs, the maximum number of pairs benchmarked in the original
publication [9], our implementation achieves a 29828×
speedup. For L = 2, our implementation performs 414×
better than the MP-SPDZ-based implementation [10].
To improve the medical quality of the donor-recipient
matching, we implemented additional matching criteria,
as described in the “Background” section. As we have
seen in Fig. 4, the performance impact of the compatibility matching algorithm is negligible compared to the
runtime of the remaining algorithmic parts. However,
in Fig. 6 we compare the performance difference between
the reduced set of medical matching criteria and the full
set. For small number of pairs there is a transient phase,
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where the runtime of the full set rises faster. After this
transient phase, both curves assume nearly the same
slope. In the plots for the WAN network model, the
latency-induced “baseline” runtime can be observed.
A comparison of communication size between SPIKE
and [9, 10] for cycle lengths L = 3 and L = 2 is included
in the appendix in Additional file 1: Tables S16 and S17.
For L = 2 and 40 pairs, SPIKE requires 40× less communication than [10]. For L = 3 and 9 pairs (the maximum
number of pairs evaluated by [9]), SPIKE require 104.1×
less communication than [9].

Discussion
Security guarantees

Our privacy-preserving kidney exchange protocol,
SPIKE, is implemented using the ABY [61] MPC framework, guaranteeing computational semi-honest security in a two-party setting. An adversary A can corrupt
at most one of the two computing parties. A is assumed
to follow the protocol specification and gets access to
all messages of the corrupted party (sent and received),
while trying to extract private information. This security
model is standard in the privacy research community and
protects against two security concerns: (1) inadvertent
disclosure of sensitive data and (2) full data disclosure
in case of a breach in one of the parties (in comparison
to a centralized computation). The latter concern is a
detriment of all centralized or trusted third party based
approaches. This coupled with complex legal barriers
are the driving forces behind the German Medical Informatics Initiative’s16,17 decision to promote decentralized
data holding and processing. In the outsourcing scenario
with two computation parties and an arbitrary number of
data sources, both computation parties must not collude.
However, an arbitrary number of data sources is allowed
to collude or behave maliciously, without breaking the
security guarantees. Note, that MPC only gives privacy
guarantees for the computation, whereas maliciously
formed inputs might lead to incorrect outputs. For a
“holistic” data privacy perspective, please see [74].
While this adversarial model is not sufficient for all
applications, e.g., computations with parties in different
jurisdictions [62], it suits our setting, namely the joint
computation among large, intra-national or intra-European medical institutions. Both semi-honest behaviour,
as well as the non-collusion assumption, can be enforced
by legal and regulatory means and build the predominant

16

17

https://www.medizininformatik-initiative.de/

The German Medical Informatics Initiative is the federal research initiative to enable medical data sharing and secondary use between all university
medical centers in Germany.

Birka et al. BMC Medical Informatics and Decision Making

(2022) 22:253

Page 17 of 21

LAN

1,000

WAN

Setup Phase

100
10
1

Runtime [s]

0.1
0.01
1,000

Online Phase

100
10
1
0.1
0.01

101

102

103
Number of Pairs
Reduced Set

101

102

103

Full Set

Fig. 6 Comparison of the compatibility matching (i.e., compatibility graph generation) performance between the reduced set of criteria (Breuer et
al. 2020) [9] and the full set of this work for cycle length L = 2. The runtimes of the remaining algorithmic parts are independent of this choice

basis for data protection concepts in (German) federated
medical research networks.
Furthermore, several real-world industry projects demonstrate that the non-collusion assumption of MPC is
practical. For example, Mozilla Firefox starts to deploy
MPC-based privacy-preserving collection for Telemetry
data [75, 76] and Bosch is developing a MPC platform
for smart homes and anonymous driving [77, 78]. Many
more examples can be found in the MPC alliance18 which
is a consortium of industry peers working on MPC. Even
in the German medical informatics realm employed
MPC solutions are able to work in a (non-colluding) twoparty setting [79].
For a full description of the cryptographic assumptions
and guarantees inherited by the primitives used in ABY,
18

https://www.mpcalliance.org/

we refer to the respective section in the Appendix and
the original ABY publication [61].
While all data, including the association to the various
data sources are considered to be private data and are
protected by the aforementioned guarantees, we consider
the number of donor-recipient pairs, as well as the maximum number of cycles in the graph, as public information. This choice has important performance impacts,
however, if the numbers of pairs are to be considered private as well, the real numbers can be hidden by padding
each input array to a fixed length with dummy entries.
Real‑world deployability

This work introduces a protocol for finding a solution
for the kidney exchange problem in a privacy-preserving
fashion. As demonstrated in the performance benchmarks and the security discussion, it meets all initially
determined requirements for a secure privacy-preserving
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solution to the KEP w.r.t privacy, efficiency, decentralization, and adaptability for medical experts.
Concretely, it enables real-world periodic batch-processing for a significantly larger number of donor-recipient pairs and a practical cycle length of L = 2 and L = 3
compared to previous work [9, 10], even in residential
network settings. This allows even residential nephrology
experts to participate in kidney exchanges, hence, providing a better medical care for their patients. However,
SPIKE requires a significant amount of communication,
thus, it is not yet ready for the usage of metered or cell
data connections in a two-party computation protocol,
which might be an interesting direction for future work.
In contrast, SPIKE is already practical for an outsourcing
scenario, where mobile clients secret share their data of
100 donor-recipient pairs among two non-colluding servers or cloud entities. But we also point out that larger sets
of, e.g., 300 pairs are not practical yet due to the, although
improved, but still limited scalability of our protocol. To
run SPIKE on even larger datasets, two strategies are
possible: (1) reducing the interval of calculation, hence,
effectively reducing the participating pairs, or (2) partitioning on less sensitive features, such as “blood type”
and running the computation on smaller data chunks in
parallel. The first approach, however, results in a smaller
set of pairs considered in the matching while the second
change likely increases the number of mismatches that
will not pass the final check by medical experts.
By using state-of-the-art provably secure cryptographic
techniques, the privacy of sensitive medical information of donors and recipients is fully protected by clearly
defined hardness assumptions of mathematical problems. Furthermore, by pursuing a completely decentralized approach without a trusted third party, the risk of
data leakages in case of a data security incident at one
participating facility is significantly reduced, compared
to a breach in a central computation node or repository.
This is especially important for quasi-identifying medical
fields19. Often times, quasi-identifiers are not anonymizable, as they loose too much utility in the process.
Hence, secure decentral storage and processing of nonanonymized data is increasingly important especially
considering current efforts of simplified international
data usage, such as the proposed European Health Data
Space (EHDS) [80].
Allowing medical professionals to choose many parameters of the algorithm to adapt to new evidence-based
guidelines or specific situational constraints ensures

19
Quasi-Identifier are groups of fields, that do not include the traditional
fields of identifying data, such as names and birth dates. Nevertheless, the
combination of fields in a quasi-identifier is rare enough to identify individual
patients.
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flexibility and maintainability for future application.
The compatibility matching algorithm is configurable
by choosing the considered HLA, as well as the weights
of the chosen medical factors. This explicitly allows the
deactivation of chosen comparisons. Due to the clear
architecture boundaries in the open source implementation, additional checks and criteria can easily be
included. Many hierarchically ordered optimization goals
employed in current KEP solutions [7] can be included in
SPIKE via a more involved weight calculation. One open
research question is to quantify a possible transplantation success rate difference between globally optimal KEP
solvers and our locally optimal solution. We argue, that
the medical uncertainty, that can not easily be evaluated
via algorithms, e.g., number and positions of renal arteries [81], might be larger than the uncertainty introduced
by our local solution. To answer this highly relevant
question a cross-examination of followed-up real world
kidney-exchanges would be required and is left as future
work.
While meeting all formal requirements, SPIKE falls
short in two aspects: First, we observe a high memory
consumption during the computation. This is expected,
as this protocol was optimized for runtime performance.
The reason is that hardware costs are typically not a
prohibiting factor for meeting data protection regulations. Note that we use only standard hardware for our
benchmarks. For a real-world deployment, it is realistic
to assume a deployment on servers with significantly
higher capacity. Thus, we argue that this aspect does not
jeopardize the adoption in the intended use cases. However, improvements in this regard are still desirable. For
example, developing internal batch processing of graph
clusters and the employment of space-optimized data
structures might be worthwhile opportunities for further
research. An interesting direction for future work can
be to explore the compatibility with recent advances in
MPC-based graph analysis for breadth-first search [82]
scaling linearly in the number of vertices. Second, the
developed software components are research artifacts
and fulfil a prototypical function. For real-world adoption
the implementation of widespread medical standards,
e.g., HL7 FHIR R420, audit- and authentication capabilities, integration in medical research pipelines, creation of
deployment packages, and lastly full (legal) documentation must be pursued. This is, however, not in the scope
of this work.

20
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Conclusion
In this work, we introduced SPIKE, the currently most
efficient privacy-preserving Kidney Exchange Problem
(KEP) protocol. Using provably secure cryptographic
techniques, SPIKE provides highest data protection guarantees for patients’ sensitive medical data without relying
on a trusted third party, while allowing a decentralized
computation of a locally optimal solution to the kidney
exchange problem. In the absence of privacy-preserving
Integer Linear Programming (ILP) solving algorithms, we
implement approximate, adaptable medical compatibility
matching algorithms, giving medical professionals the
flexibility to accommodate updated guidelines and the
specific situational constraints.
Our optimized protocols achieve a 30000× and 400×
speedup compared to the current state-of-the-art [9, 10]
for cycle lengths of L = 3 and L = 2, respectively. With
a total runtime of under 4min for 40 pairs at L = 2 and
around 1 h for 25 pairs at L = 3, we demonstrate sufficient performance for deploying it for some real-world
applications.
However, we note that kidney exchange programs
typically consider up to 300 pairs per run [83] which
is not yet feasible for SPIKE since our protocol does
not scale sufficiently well in the number of participating donor-recipient pairs leading to unsatisfactory
runtimes beyond 170 pairs (for L = 2). Additionally,
memory usage is another aspect that needs more future
work. To summarize, SPIKE is not yet a routine solution
ready for deployment for large scale kidney exchange
programs, however, it offers the most efficient state-ofthe-art solution to the problem. In this sense, it makes
an important contribution towards moving into the
direction of practical large-scale privacy-preserving
solutions.
We also hope that the advancements in privacy protection and application performance will already allow more
medical facilities to participate in kidney exchanges on a
smaller scale, thus increasing the recipients’ chances for
timely and potentially live-saving surgery.
Abbreviations
MPC: Secure multi-party computation; HE: Homomorphic encryption; SSS:
Shamir’s secret sharing; Y : Yao’s garbled circuits; B: Boolean secret sharing; A
: Arithmetic secret sharing; PPKE: Privacy-preserving kidney exchange; KEP:
Kidney exchange problem; HLA: Human leukocyte antigens.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12911-022-01994-4.
Additional file 1. Appendix: Supplementary tables.

Page 19 of 21

Acknowledgements
Many thanks to Ulrich Zwirner for sharing his medical knowledge during our
fruitful discussions. Furthermore, we thank the anonymous reviewers of BMC
Medical Informatics and Decision Making for their constructive comments
that helped us to further improve our writing.
Author Contributions
TB implemented the discussed software. TB and TK specified the medical
requirements. HM and TK designed the research project and guided the
protocol design. TB, TK, and HM designed the performance benchmarks
which were conducted and analyzed by TB and TK. TS and KH led this research
project. All authors contributed to the manuscript and substantively revised it.
All authors read and approved the final manuscript.
Funding
Open Access funding enabled and organized by Projekt DEAL. This project
received funding from the European Research Council (ERC) under the
European Union’s Horizon 2020 research and innovation program (grant
agreement No.850990 PSOTI). It was co-funded by the Deutsche
Forschungsgemeinschaft(DFG) – SFB1119 CROSSING/236615297 and
GRK2050 Privacy & Trust/251805230, by the German Federal Ministry of
Education and Research and the Hessen State Ministry for Higher Education,
Research and the Arts within ATHENE, and by the German Federal Ministry of
Education and Research within the HiGHmed project (#01ZZ1802G).
Availability of data and materials
Our code and the datasets analyzed are available here: https://encrypto.de/
code/PPKE.

Declarations
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Author details
1
ENCRYPTO, Technical University of Darmstadt, Darmstadt, Germany. 2 Computational Biology and Simulation group, Technical University of Darmstadt,
Darmstadt, Germany.
Received: 29 April 2022 Accepted: 13 September 2022

References
1. Murphy D, McCulloch CE, Lin F, Banerjee T, Bragg-Gresham JL, Eberhardt
MS, Morgenstern H, Pavkov ME, Saran R, Powe NR, Hsu C-Y. For the centers for disease control and prevention chronic kidney disease surveillance
team: trends in prevalence of chronic kidney disease in the United States.
Ann Intern Med. 2016;165(7).
2. Thurlow JS, Joshi M, Yan G, Norris KC, Agodoa LY, Yuan CM, Nee R. Global
epidemiology of end-stage kidney disease and disparities in kidney
replacement therapy. Am J Nephrol. 2021;52(2):98.
3. Ibrahim HN, Foley R, Tan L, Rogers T, Bailey RF, Guo H, Gross CR, Matas
AJ. Long-term consequences of kidney donation. N Engl J Med.
2009;360:459.
4. Eurotransplant: Annual Report 2020. https://www.eurotransplant.org/
wp-content/uploads/2021/08/ETP_AR2020_opm_LR.pdf Accessed
2022-04-03
5. Nemati E, Einollahi B, Pezeshki ML, Porfarziani V, Fattahi MR. Does kidney
transplantation with deceased or living donor affect graft survival?
Nephro Urol Mon. 2014;6(4).

Birka et al. BMC Medical Informatics and Decision Making

6.
7.

8.

9.
10.

11.
12.
13.
14.
15.

16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.

28.

29.

30.

(2022) 22:253

Ellison B. A systematic review of kidney paired donation: applying lessons
from historic and contemporary case studies to improve the US Model.
Wharton Research Scholars. 2014;107.
Biró P, van de Klundert J, Manlove D, Pettersson W, Andersson T, Bunapp
L, Chromy P, Delgado P, Dworczak P, Haase B, Hemke A, Johnson R,
Klimentova X, Kuypers D, Costa AN, Smeulders B, Spieksma F, Valentín
MO, Viana A. Modelling and optimisation in European kidney exchange
programmes. Eur J Oper Res. 2021;291(2):447–56.
Biró P, Burnapp L, Haase B, Hemke A, Johnson R, van de Klundert J,
Manlove D. First handbook of the cost action ca15210: European network
for collaboration on kidney exchange programmes (enckep). Brussels:
European Cooperation in Science and Technology; 2017.
Breuer M, Meyer U, Wetzel S, Mühlfeld A. A privacy-preserving protocol
for the kidney exchange problem. WPES. 2020.
Breuer M, Meyer U, Wetzel S. Privacy-preserving maximum matching on
general graphs and its application to enable privacy-preserving kidney
exchange. In: ACM Conference on Data and Application Security and
Privacy (CODASPY) 2022.
Pansart L, Cambazard H, Catusse N, Stauffer G. kidney exchange problem:
models and algorithms. In: HAL Archives-ouvertes. 2014.
Carvalho M, Klimentova X, Glorie K, Viana A, Constantino M. Robust
models for the kidney exchange problem. Inf J Comput. 2020.
Ashby VB, Leichtman AB, Rees MA, Song PX-K, Bray M, Wang W, Kalbfleisch JD. A kidney graft survival calculator that accounts for mismatches
in age, sex, hla, and body size. Clin J Am Soc Nephrol. 2017;12:1148–1160.
Abraham DJ, Blum A, Sandholm T. Clearing algorithms for barter
exchange markets: enabling nationwide kidney exchange. In: ACM
Conference on Electronic Commerce 2007. ACM
Dreier J, Kerschbaum F. practical privacy-preserving multiparty linear
programming based on problem transformation. In: 2011 IEEE Third International Conference on Privacy, Security, Risk and Trust and 2011 IEEE
Third International Conference on Social Computing, 2011:916–924.
Catrina O, de Hoogh S. Secure multiparty linear programming using
fixed-point arithmetic. In: Computer Security - ESORICS 2010, vol. 6345.
Springer, Berlin, Heidelberg 2010.
Toft T. Solving linear programs using multiparty computation. in: financial
cryptography and data security. Springer, Berlin, Heidelberg 2009.
Cornuéjols G. Valid inequalities for mixed integer linear programs. Math
Programm. 2008;112(1):3–44.
Atamtürk A, Nemhauser GL, Savelsbergh MW. Conflict graphs in solving
integer programming problems. Eur J Oper Res. 2000;121(1):40–55.
Savelsbergh MW. Preprocessing and probing techniques for mixed
integer programming problems. ORSA J Comput. 1994;6(4):445–54.
Fouque P-A, Poupard G, Stern J. Sharing decryption in the context of voting or lotteries. In: International Conference on Financial Cryptography,
2000;90–104. Springer
Shamir A. How to share a secret. communications of the ACM.
1979;22(11).
Keller M. MP-SPDZ: A versatile framework for multi-party computation. In:
CCS ’20: 2020 ACM SIGSAC Conference on Computer and Communications Security 2020.
Pape U, Conradt D. Maximales matching in graphen. In: Ausgewählte
Operations Research Software in FORTRAN 1980.
Sung YC. The HLA system: genetics, immunology, clinical testing, and
clinical implications. Yonsei Med J. 2007;48:11.
Eurotransplant: Histocompatibility. In: Eurotransplant Manual Ver. 4.5,
2018. Chap. 10
Lefaucheur C, Loupy A, Hill GS, Andrade J, Nochy D, Antoine C, Gautreau
C, Charron D, Glotz D, Suberbielle-Boissel C. Preexisting donor-specific
HLA antibodies predict outcome in kidney transplantation. J Am Soc
Nephrol. 2010;21:1398.
Ntokou ISA, Iniotaki AG, Kontou EN, Darema MN, Apostolaki MD, Kostakis
AG, Boletis JN. Long-term follow up for anti-hla donor specific antibodies
postrenal transplantation: high immunogenicity of HLA class II graft
molecules. Transp Int. 2011;24:1084.
Santos C, Costa R, Malheiro J, Pedroso S, Almeida M, Martins LS, Dias L,
Tafulo S, Henriques AC, Antonio C. Kidney transplantation across a positive crossmatch: a single-center experience. In: Transplantation Proceedings. 2014.
Eurotransplant: Kidney. In: Eurotransplant Manual Ver. 4.5, (2018). Chap. 4

Page 20 of 21

31. Leeaphorn N, Pena JRA, Thamcharoen N, Khankin EV, Pavlakis M, Cardarelli F. HLA-DQ mismatching and kidney transplant outcomes. J Am Soc
Nephrol. 2018;13:763.
32. Opelz G, Döhler B. Association of HLA mismatch with death with a functioning graft after kidney transplantation: a collaborative transplant study
report. Am J Transp. 2012;12:3031.
33. Opelz G. Impact of HLA compatibility on survival of kidney transplants
from unrelated live donors. Transplantation. 1997.
34. Lim WH, Chadban SJ, Clayton P, Budgeon CA, Murray K, Campbell SB,
Cohney S, Russ GR, McDonald SP. human leukocyte antigen mismatches
associated with increased risk of rejection, graft failure, and death independent of initial immunosuppression in renal transplant recipients. Clin
Transp. 2012;26:E428.
35. Nguyen MC. Evaluation of hla typing data and transplant outcome in
pediatric renal transplantation. PhD thesis, Medizinische Universität Wien
2021. https://repositorium.meduniwien.ac.at/obvumwhs/content/title
info/5894916/full.pdf
36. Blutspenden: Rund Ums Blut. https://www.blutspenden.de/rund-ums-
blut/blutgruppen/ Accessed 2022-04-03
37. de Weerd AE, Betjes MGH. ABO-incompatible kidney transplant outcomes: a meta-analysis. Clin J Am Soc Nephrol. 2018;13:1234.
38. Waiser J, Schreiber M, Budde K, Fritsch L, Böhler T, Hause I, Neumayer H-H.
Age-matching in renal transplantation. Nephrol Dial Transp. 2000;15:696.
39. Zhoua J-Y, Chenga J, Huanga H-F, Shen Y, Jiang Y, Chen J-H. The effect
of donor-recipient sex mismatch on short- and long-term graft survival
in kidney transplantation: a systematic review and meta-analysis. Clin
Transp. 2013;27:964.
40. Miller AJ, Kiberd BA, Alwayn IP, Odutayo A, Tennankore KK. Donorrecipient weight and sex mismatch and the risk of graft loss in renal
transplantation. Clin J Am Soc Nephrol. 2017;12:669.
41. El-Agroudy AE, Hassan NA, Bakir MA, Foda MA, Shokeir AA. Effect of
donor/recipient body weight mismatch on recipient and graft outcome
in living-donor kidney transplantation. Am J Nephrol. 2003;23:294.
42. Cho H, Wu DJ, Berger B. Secure genome-wide association analysis using
multiparty computation. Nat Biotechnol. 2018;36(6):547–51.
43. Bonte C, Makri E, Ardeshirdavani A, Simm J, Moreau Y, Vercauteren F.
Towards practical privacy-preserving genome-wide association study.
BMC Bioinf. 2018;19(1):1–12.
44. Tkachenko O, Weinert C, Schneider T, Hamacher K. Large-scale privacypreserving statistical computations for distributed genome-wide association studies. In: 13. ACM ASIA Conference on Computer and Communications Security (ASIACCS’18), pp. 221–235. ACM, Songdo, South Korea
2018. https://encrypto.de/papers/T WSH18.pdf
45. Schneider T, Tkachenko O. EPISODE: Efficient Privacy-preserving similar
sequence queries on outsourced genomic databases. In: Proceedings
of the 2019 ACM Asia Conference on Computer and Communications
Security, 2019;315–327.
46. Günther D, Holz M, Judkewitz B, Möllering H, Pinkas B, Schneider T. PEM:
Privacy-preserving epidemiological modeling. Cryptology ePrint Archive
2020.
47. Barni M, Failla P, Kolesnikov V, Lazzeretti R, Sadeghi A-R, Schneider T.
Secure evaluation of private linear branching programs with medical
applications. In: 14. European Symposium on Research in Computer
Security (ESORICS’09), pp. 424–439 2009.
48. Barni M, Failla P, Lazzeretti R, Sadeghi A-R, Schneider T. Privacy-preserving
ECG classification with branching programs and neural networks. IEEE
Transactions on Information Forensics and Security (TIFS), 452–468, 2011.
49. Yao AC-C. How to generate and exchange secrets. In: 27th Annual Symposium on Foundations of Computer Science (SFCS 1986) 1986.
50. Malkhi D, Nisan N, Pinkas B, Sella Y. Fairplay - A secure two-party computation system. In: 13. USENIX Security Symposium (USENIX Security’04)
2004.
51. Kolesnikov V, Schneider T. Improved garbled circuit: free XOR gates and
applications. In: Automata, Languages and Programming. Lecture Notes
in Computer Science 2008.
52. Zahur S, Rosulek M, Evans D. Two halves make a whole. In: Advances in
Cryptology - EUROCRYPT 2015. Lecture Notes in Computer Science 2015.
53. Patra A, Schneider T, Suresh A, Yalame H. ABY2.00: improved mixed-protocol secure two-party computation. In: 30th USENIX Security Symposium
(USENIX Security 21), 2021;2165–2182 .

Birka et al. BMC Medical Informatics and Decision Making

(2022) 22:253

54. Järvinen K, Leppäkoski H, Lohan E-S, Richter P, Schneider T, Tkachenko O,
Yang Z. PILOT: practical privacy-preserving indoor localization using outsourcing. In: IEEE European Symposium on Security and Privacy (EuroS
&P) 2019.
55. Goldreich O, Micali S, Wigderson A. How to play any mental game. In:
Proceedings of the 19th Annual ACM Symposium on Theory of Computing. STOC ’87 1987.
56. Kamara S, Raykova M. Secure outsourced computation in a multi-tenant
cloud. In: IBM Workshop on Cryptography and Security in Clouds 2011.
57. Damgård I, Pastro V, Smart N, Zakarias S. Multiparty Computation from
somewhat homomorphic encryption. In: Advances in Cryptology CRYPTO 2012 2012.
58. Chaudhari H, Choudhury A, Patra A, Suresh A. Astra: High throughput 3pc
over rings with application to secure prediction. In: ACM SIGSAC Conference on Cloud Computing Security Workshop (CCSW) 2019.
59. Chaudhari H, Rachuri R, Suresh A. Trident: Efficient 4pc framework for
privacy preserving machine learning. 2021.
60. Braun L, Demmler D, Schneider T, Tkachenko O. Motion–a framework for
mixed-protocol multi-party computation. ACM Transactions on Privacy
and Security 2022.
61. Demmler D, Schneider T, Zohner M. ABY - A framework for efficient
mixed-protocol secure two-party computation. In: Network and Distributed System Security Symposium(NDSS) 2015.
62. European Data Protection Board: Recommendations 01/2020 on measures that supplement transfer tools to ensure compliance with the EU
level of protection of personal data 2021.
63. MI-I Taskforce Datenschutz: Übergreifendes Datenschutzkonzept der
Medizininformatik-Initiative. https://www.medizininformatik-initiative.de/
sites/default/files/2022-03/MII-Datenschutzkonzept_v1.0.pdf Accessed
03.07.2022
64. Lablans M, Schmidt E. Datenschutzkonzept der DKTK Clinical Communication Platform. https://dktk.dkfz.de/application/files/5016/2030/2474/
20_11_23_Datenschutzkonzept_CCP-IT_inkl_Anlagen.pdf Accessed
03.07.2022
65. Wiesner S. Conjugate coding. ACM SIGACT News 1983;15(1).
66. Rabin MO. How to exchange secrets with oblivious transfer 1981.
67. Asharov G, Lindell Y, Schneider T, Zohner M. More efficient oblivious
transfer extensions. J Cryptol. 2017;30:3.
68. Ben-Or M, Goldwasser S, Wigderson A. Completeness theorems for noncryptographic fault-tolerant distributed computation. In: Proceedings of
the Twentieth Annual ACM Symposium on Theory of Computing 1988.
69. Beaver D. Efficient multiparty protocols using circuit randomization. In:
Annual International Cryptology Conference 1991
70. Rathee D, Schneider T, Shukla K. Improved multiplication triple generation over rings via RLWE-based AHE. In: International Conference on
Cryptology and Network Security 2019.
71. Keller H, Möllering H, Schneider T, Yalame H. Balancing quality and
efficiency in private clustering with affinity propagation. In: International
Conference on Security and Cryptography (SECRYPT) 2021.
72. Braun L, Cammarota R, Schneider T. POSTER: A generic hybrid 2PC framework with application to private inference of unmodified neural networks
(Extended Abstract). Privacy in Machine Learning Workshop (PriML@
NeurIPS’21) 2021
73. Biró P, Cechlárová K. Inapproximability of the kidney exchange problem.
Inf Process Lett. 2007;101(5):199–202.
74. Desai T, Ritchie F, Welpton R. Five safes: designing data access for
research. Technical report, University of the West of England 2016
75. Aas J, Geoghegan T. Introducing ISRG prio services for privacy respecting
metrics. https://www.abetterinternet.org/post/introducing-prio-services/
Accessed 07.07.2022
76. Englehardt S. Next steps in privacy-preserving telemetry with prio.
https://blog.mozilla.org/security/2019/06/06/next-steps-in-privacy-prese
rving-telemetry-with-prio/ Accessed 07.07.2022
77. Becker S, Trieflinger S. Bosch research launches carbyne stack opensource project for cloud-native secure multiparty computationd.
https://www.bosch.com/stories/open-source-carbyne-stack/ Accessed
07.07.2022
78. Trieflinger S. Trustworthy computing - data sovereignty while connected.
https://www.bosch.com/research/know-how/success-stories/trustworthy-computing-data-sovereignty-while-connected/ Accessed 07.07.2022

Page 21 of 21

79. Kussel T, Brenner T, Tremper G, Schepers J, Lablans M, Hamacher K. Record
linkage based patient intersection cardinality for rare disease studies using mainzelliste and secure multi-party computation. In Review
2022. https://www.researchsquare.com/article/rs-1486673/v1 Accessed
2022-07-08
80. Directorate-General for Health and Food Safety: Proposal for a regulation - the european health data space. https://health.ec.europa.eu/publi
cations/proposal-regulation-european-health-data-space_en Accessed
08.07.2022
81. Bachul PJ, Osuch C, Chang E-S, Bȩtkowska-Prokop A, Pasternak A, Szura
M, Matyja A, Walocha JA. Crossing anatomic barriers-transplantation of
a kidney with 5 arteries, duplication of the pyelocalyceal system, and
double ureter. Cell Transp. 2017;26(10):1669–72.
82. Araki T, Furukawa J, Ohara K, Pinkas B, Rosemarin H, Tsuchida H. Secure
graph analysis at scale. In: Proceedings of the 2021 ACM SIGSAC Conference on Computer and Communications Security, pp. 610–629 (2021)
83. Biró P, Haase B, Andersson T, Ásgeirsson EI, Baltesová T, Boletis I, Bolotinha
C, Bond G, Böhmig G, Burnapp L, Cechlárová K, Ciaccio PD, Fronek
J, Hadaya K, Hemke A, Jacquelinet C, Johnson R, Kieszek R, Kuypers
DR, Leishman R, Macher MA, Manlove D, Menoudakou G, Salonen M,
Smeulders B, Sparacino V, Spieksma F, Valentín MO, Wilson N, van der
Klundert J, Action EC. Building kidney exchange programmes. In: Europe
- An Overview of Exchange Practice and Activities. Transplantation. 2019.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

