Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

OHRID-Net: Many-objective hyperparameter
reduction in deep networks using fuzzy-preference
sorting, with application to deceased-donor kidney
allocation

Lirim Ashiku

lirimashiku@Rgmail . com

Missouri University of Science and Technology
Cihan Dagli
Missouri University of Science and Technology

Research Article

Keywords: Many-objective optimization, Neural architecture search, Fuzzy inference, Evolutionary deep
learning, Decision support, Kidney allocation

Posted Date: November 13th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-11517203/v1

License: € ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-11517203/v1
https://doi.org/10.21203/rs.3.rs-11517203/v1
https://doi.org/10.21203/rs.3.rs-11517203/v1
https://creativecommons.org/licenses/by/4.0/

OHRID-Net: Many-objective hyperparameter reduction in deep
networks using fuzzy-preference sorting, with application to
deceased-donor kidney allocation

Lirim Ashiku'*, Cihan Dagli!

! Department of Engineering Management and Systems Engineering, Missouri University of Science and
Technology, Rolla, MO 65409, USA

*Corresponding author: Lirim Ashiku, email: lirimashiku@gmail.com

Abstract

The selection of deep network hyperparameters and topology remains largely manual, and evolutionary
architecture search usually optimizes a single accuracy objective. When one model design must support
several conflicting prediction tasks while remaining compact, the search becomes a many-objective
problem: most candidates are mutually non-dominated, and Pareto ranking alone cannot select among
them. We propose many-Objective Hyperparameter Reduction In Deep Networks (OHRID-Net), an
evolutionary framework with two components. A fixed-length binary encoding represents the
hyperparameters chosen for tuning, together with a free layer-connection topology, as one chromosome
whose length follows from the search space, and which always decodes to a connected network. A fuzzy-
preference sorting operator replaces crowding-distance and reference-point selection: membership
functions and if-then rules convert each candidate's objectives into one preference score, so stakeholders
state priorities in their own terms. Applied to national deceased-donor records from the Organ
Procurement and Transplantation Network (2016-2022), OHRID-Net jointly optimized hard-to-place
kidney identification, provisional acceptance, primary acceptance and trainable-parameter count. Elite
networks reached median accuracies of 87.3%, 86.1% and 89.9%, with best values within 0.3—1.7
percentage points of separately optimized single-task networks, while using 8.1-24.3% of the worst-case
parameter budget. In a single run, two added stakeholder rules moved the primary-acceptance distribution
in the intended direction. On public benchmark problems, fuzzy sorting converged faster and more tightly
than standard non-dominated sorting genetic algorithms while focusing on a preferred region, and priority
rules steered it reliably toward the prioritized objective.

Keywords Many-objective optimization - Neural architecture search - Fuzzy inference - Evolutionary
deep learning - Decision support - Kidney allocation

1. Introduction

Many deceased-donor kidneys recovered for transplantation in the United States are never transplanted,
and national reports track this non-use as a persistent problem [1]. Kidneys declined many times are not
reliably of lower quality [2], and many kidneys discarded in the United States would be transplanted
elsewhere [3]. Machine-learning models that predict discard or non-recovery from donor data have
accordingly become an active research area [4], [5], within a broader move towards artificial intelligence
in transplantation [6]. Such decision support must serve stakeholders whose goals conflict, and its models
must be designed, tuned and kept small enough to retrain as allocation policy changes. The question we
address is how to search for one deep architecture family that serves several conflicting prediction tasks
while keeping models small, and how stakeholders can steer that search.



Deep learning performance depends on model capacity, data quality, configuration, training technique
and problem characteristics [7]. Choosing among these options is largely trial and error and requires
considerable expertise [8]. Grid search is feasible for small networks but becomes computationally
prohibitive as the number of hyperparameters grows. Evolutionary deep learning (EDL), in which genetic
and other evolutionary algorithms search the architecture and hyperparameter space, automates this
process and has produced competitive architectures [7], [9].

Most EDL studies treat architecture search as a single-objective problem in which validation accuracy is
maximized. That formulation falls short for two reasons. First, wider and deeper networks need
exponentially more compute, memory and energy, so capacity is itself an objective that small
organizations cannot ignore [10]. Second, many real decision-support systems serve several stakeholders,
each with its own prediction task. In kidney allocation, organ procurement organizations (OPOs) seek to
place every recovered kidney, whereas transplant centers (TXCs) seek to match the right kidney to the
right patient. Both goals aim to reduce kidney non-utilization, but they trade off against each other. A
model improved for one stakeholder tends to serve another worse, and enlarging a network to recover
accuracy raises its cost. Section 2.4 reviews the evidence for this conflict.

Multi-objective evolutionary algorithms such as the non-dominated sorting genetic algorithm II (NSGA-
IT) [11] handle two or three objectives well. As objectives increase, however, the share of non-dominated
solutions grows exponentially [12]. Pareto dominance then no longer separates candidates, selection
pressure weakens and convergence slows. Its successor, NSGA-III, restores diversity with a structured set
of reference points, but the reference points must be specified in advance and do not naturally express
which trade-offs a decision-maker prefers.

This paper proposes OHRID-Net, short for many-Objective Hyperparameter Reduction In Deep
Networks: an EDL framework that ranks non-dominated architectures with a fuzzy inference system in
place of crowding distance or reference-point association. The paper makes four contributions.

1. A search-space-driven, fixed-length encoding. Each hyperparameter chosen for tuning, and the
connections among convolution layers, are mapped to bits, so the chromosome length is
determined by the problem rather than fixed by the method (Section 3.2). A designer who tunes
more or fewer hyperparameters, or allows deeper blocks, obtains a longer or shorter chromosome
with the same operators. The topology bits generalize VGG-, ResNet- and DenseNet-style
connectivity, and a default previous-layer link guarantees that every decoded network is
connected, so no evaluation budget is spent on invalid individuals.

2. Reference-point-free fuzzy survivor selection for architecture search. Membership functions
and linguistic rules score every member of the front being split, replacing crowding distance and
reference-point niching inside the generational loop. Unlike earlier fuzzy ranking schemes, which
were tested on closed-form design problems or retained reference points (Section 2.5), the
operator is used here where every fitness evaluation trains several networks.

3. Model capacity as an explicit objective. A closed-form trainable-parameter count, normalized
by the worst case of the search space, lets the search trade accuracy against size without training
extra models.

4. A multi-stakeholder case study on national data. Three allocation-decision models used by
organ procurement organizations and transplant centers are optimized jointly with model size on
seven years of national deceased-donor records, and the effect of stakeholder rules on the elite
front is reported.



Section 2 reviews related work. Section 3 presents the encoding and the fuzzy sorting algorithm. Section
4 describes the data, objectives and experimental settings. Section 5 reports and discusses the results, and
Section 6 concludes.

2. Related work

2.1 Evolutionary neural architecture search

Neural architecture search (NAS) automates network design using reinforcement learning, gradient-based
relaxation or evolutionary search [13], and evolutionary NAS has been reviewed in detail [14].
Evolutionary approaches represent each architecture as a chromosome and apply selection, crossover and
mutation. Genetic CNN encoded inter-layer connections of each stage as a binary string [9]. Evolutionary
frameworks such as DEAP make these operators accessible [15]. Our earlier work used a single-objective
genetic algorithm with a 21-bit chromosome to identify hard-to-place deceased-donor kidneys [16].

2.2 Multi-objective deep optimization

Accuracy and model size conflict, so several studies cast NAS as a multi-objective problem. NSGA-Net
applied NSGA-II to trade classification error against computational cost [17] and was later extended to
the multi-objective design of deep CNNs [18], and NAS has since been formulated as a family of multi-
objective benchmarks [19]. LEMONADE used Lamarckian inheritance to approximate the accuracy—
resource Pareto front [20], and architecture search has also targeted minimal training parameters [10].
Multi-objective hyperparameter optimization more broadly has been surveyed in [21], [22]. Most of these
methods handle two or three objectives. Neuroevolution has also been combined with reinforcement
learning for engineering design [23].

2.3 Many-objective optimization and preference handling

With four or more objectives, most solutions become mutually non-dominated, and dominance-based
selection loses pressure [12], [24]. NSGA-III addresses diversity with reference points on a normalized
hyperplane [12], [25]. Segment-based search increases the number of evaluations per generation by
admitting non-elite individuals into mating selection [26]. Fuzzy dominance sorting has been used in the
equitable fuzzy sorting genetic algorithm [27], and fuzzy inference has been coupled with NSGA-III to
select solutions in engineering design [28]. Interactive frameworks such as DESDEO bring the decision-
maker into the loop [29], and the assessment of such interactive methods has been reviewed in [30].

2.4 Conlflicting objectives and the case for preference-based selection

Two objectives conflict when one can be improved only by worsening the other. Under conflict no single
solution is best on every objective; the optimizer instead returns the Pareto-optimal set, in which each
solution trades some objectives against others [31]. Conflict is also what makes many-objective search
hard: Pareto-based algorithms tuned for two or three conflicting objectives perform very poorly as
conflicting objectives are added, even with large populations [32], and later surveys identify the loss of
selection pressure and the difficulty of choosing among a huge non-dominated set as the central problems
of the field [24].

The objectives in kidney allocation conflict for structural reasons. Organ procurement organizations aim
to place every recovered kidney, whereas transplant centers accept offers that suit their own candidates
and outcome expectations. These views diverge in practice. In 78,940 U.S. transplants, about 13% of
kidneys had been declined at least 100 times before acceptance, yet after adjustment for the Kidney



Donor Risk Index most outcome differences between the hardest- and easiest-to-place kidneys
disappeared [2]. French centers would have transplanted more than 60% of the roughly 28,000 kidneys
discarded in the United States between 2004 and 2014 [3], and U.S. discard is associated with donor risk
indices, procurement biopsy findings and regional practice [33], while procurement-biopsy practices and
their interpretation vary widely between transplant centers [34]. A model tuned to flag hard-to-place
kidneys for the procurement organization thus pulls against models tuned to reproduce transplant-center
acceptance, a tension our earlier systems analysis documented across allocation stakeholders [35]. Model
size conflicts with all three tasks, because accuracy generally rises with capacity [10], [17], [20].
Improving one objective should therefore degrade at least one other, and for this reason OHRID-Net
treats the problem as many-objective instead of optimizing each model separately.

When objectives conflict, a decision-maker must still choose one solution from the trade-off set [31].
Preferences can enter before the search (a priori weighting), after it (a posteriori selection) or during it
(progressive articulation) [31], [24]. A priori weights must be fixed before the trade-offs are known, and a
weighted sum cannot reach solutions in non-convex parts of the front [31]. A posteriori selection is
impractical with four or more objectives, because most of the population is non-dominated and the front
is too large to inspect [12], [32]. OHRID-Net articulates preferences progressively, through fuzzy rules
applied at every generation. We chose this route for three reasons.

1. Stakeholder preferences are linguistic and imprecise. Statements such as “primary acceptance
should be very high while model size stays acceptable” describe vague categories, and fuzzy sets
were introduced to represent such categories [36]. Our rules combine such conditions with the
min operator, so a candidate scores well on a rule only if it satisfies every condition of that rule.

2. Rules convert preferences into a ranking transparently. Mamdani inference turns if-then rules
into a crisp output through fuzzification, rule firing and defuzzification [37]. Each rule can be
read and audited by clinicians, unlike a weight vector whose meaning shifts with objective
scaling.

3. Fuzzy grading restores discrimination among non-dominated solutions. Grading solutions by
degree rather than by binary dominance separates members of the same front [27], and fuzzy
inference has been used to rank Pareto solutions by designer preference [28].

The fuzzy superfunction picks out the best compromise for a stated set of stakeholder preferences instead
of an arbitrary member of the front. When the preferences change, the compromise changes, but the
algorithm does not.

2.5 Research gap

Table 1 compares survivor-selection operators for the front that does not fit into the next population. The
two closest methods are the equitable fuzzy sorting genetic algorithm, which ranks solutions by an overall
fuzzy activation score [27], and fuzzy-inference NSGA-III, which adds a Mamdani inference system to
NSGA-III so designer preferences rank Pareto solutions [28]. Both were demonstrated on benchmark
functions or closed-form engineering design. Many-objective evolutionary algorithms are rarely applied
to deep architecture search, where each evaluation trains networks and objectives come from separate
learning tasks. OHRID-Net brings fuzzy preference selection into that setting without reference points
and adds an encoding and a capacity objective designed for it.

Table 1 Survivor-selection operators for the last admitted front



Operator How survivors are Where Extra settings | Behavior as objectives
chosen preferences increase
enter
NSGA-II Crowding distance in Not supported; | None Selection pressure
[11] objective space diversity only weakens beyond three
objectives [24]
NSGA-III | Niching around reference | Indirectly, by Divisions p; H | H grows combinatorially
[12], [25] points on a normalized placing reference with the number of
hyperplane reference points | points objectives
Equitable | Fuzzy activation score Membership Membership- Score stays
fuzzy defines fuzzy dominance | functions function discriminating; shown
sorting ranks parameters on benchmarks
[27]
Fuzzy- Mamdani inference ranks | Linguistic rules | Rules plus Inherits NSGA-III
inference Pareto solutions from the reference reference-point growth
NSGA-III | alongside NSGA-III designer points
[28]
OHRID- Mamdani superfunction | Linguistic Membership No reference points; cost
Net (this ranks the split front each | rules, editable | functions and a | linear in population
work) generation between runs sparse rule (Section 3.6)
base

3. The OHRID-Net framework

3.1 Search space

OHRID-Net searches over convolutional networks built from repeated optimization blocks (O-blocks)
(Fig. 1). An input convolution layer feeds » identical O-blocks. Each O-block contains several
convolution layers, each with batch normalization, activation, kernel size, hidden-layer width and
dropout; a geometry gene sets how those layers connect. Optional deep aggregation joins the final
convolution layers of successive O-blocks. Dense final layers and the chosen optimizer complete the
network. Table 2 lists the hyperparameters and their encodings.
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Fig. 1 O-block representation of the deep architecture. Convolution-layer hyperparameters are shared
within an O-block; geometry sets the intra-block connections

Table 2 Hyperparameter search space and chromosome encoding

Gene Values Bits
Deep aggregation off, on 1
Stacked convolution layers off, on 1
Mutation type bit-flip, swap 1
Crossover type one-point, two-point 1
O-blocks 1-8 3
Activation linear, sigmoid, tanh, ReLU, LeakyReLU, hard- 3
sigmoid, swish, softplus
Convolution layers per block 4,6,8,10 2
Learning rate 103,104,105, 10°° 2




Gene Values Bits

Kernel size 3,5 1

Optimizer SGD, SGD-momentum, AdaGrad, RMSProp, 3
AdaDelta, Adam, Adamax, Nadam

Dropout 0.2,0.3,04,0.5 2

Hidden-layer neurons 16, 24, 32, 64 2

Geometry (layer connections) free topology, padded to 10 layers 36

Total 58

3.2 Topology encoding

Our earlier single-objective study restricted geometry to four named topologies (VGG, ResNet,
DenseNet, GooglLeNet) in two bits. OHRID-Net encodes connectivity directly instead, so the search can
find topologies between and beyond these templates.

In an L-layer block, layer j (for j =3 ... L) receives a group of j — 2 bits. Bit i of the group is 1 when layer
i feeds layer j. Every layer always receives the output of the layer immediately before it, so that
connection needs no bit. Because of this default, no network can be disconnected; an all-zero string
decodes to a plain sequential stack. A six-layer block needs 1 +2 + 3 + 4 = 10 bits, and the ResNet-style
pattern is written 1-01-001-0001. The geometry gene needs 3, 10, 21 and 36 bits for 4, 6, 8 and 10 layers.
Shorter genes are zero-padded to 36 bits, and padding bits are ignored by crossover and mutation, which
keeps every chromosome at 58 bits (Fig. 2).

The chromosome length is thus set by the search space and not by the method. If Q hyperparameters are
tuned, hyperparameter ¢ has a set /(g) of candidate values, and blocks may have up to Lmax layers, the
length is

Lmax—1)(Lmax—2
=30 b (q)+FumlnnD (1)

Here b(q) is the number of bits needed to index the candidate values of hyperparameter g, rounded up to a
whole bit (3 bits for eight optimizers, 2 bits for four learning rates). The first term covers the
hyperparameter genes and the second the topology genes. For the search space of Table 2, £ =22 + 36 =
58 bits. Adding or removing a hyperparameter, widening a value range or changing Lmax changes £, while
the encoding rules, crossover, mutation and decoding stay the same.
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Fig. 2 The 58-bit chromosome with single-point crossover and bit-flip mutation

3.3 Objectives

OHRID-Net minimizes k objectives. For the £ — 1 prediction tasks, each objective is the test error of the
decoded architecture trained on that task:

fmx) =1—-Acc,,(x), m=1,..,k—1 (2)

The last objective is model capacity, the trainable parameter count P(x) normalized by the worst case Prmax
in the search space:

P
fiG) = 72 3)
The count in Eq. (4) follows the layer structure. With hidden width 4, kernel size K, B O-blocks of L
convolution layers, stacking factor s € {1, 2}, input width d, and ¢ output classes:
P(x) = (hK + h) + BsL(hK + Dh + (dh? + h) + (h* + h) + (hc + ¢) 4)

The five terms count, in order, the input convolution, the B x s x L convolution layers inside the O-
blocks, the flatten-to-dense layer, the hidden dense layer and the output layer. The worst case (stacked
layers, 8 O-blocks, 10 layers, K =5, h =64, d =34, ¢ = 2) gives Pmax =384 + 8 x 2 x 10 x 20,544 +
139,328 + 4,160 + 130 = 3,431,042 trainable parameters.

3.4 Non-dominated sorting

OHRID-Net keeps the elitist generational loop of NSGA-II [11]. A parent population P; of size N
produces an offspring population Q; by tournament selection, crossover and mutation. The combined
population R; = P; U Q; of size 2N is sorted into non-dominated fronts £, F>, ..., and fronts are copied
into Py until one no longer fits. NSGA-II fills the remaining places by crowding distance; NSGA-III fills
them by associating normalized members with H reference points, where for M objectives and p divisions

_ (M+p-1)!

= P )

p!(M-1)!

so four objectives with four divisions already need 35 reference points [ 12]. With many objectives, F
alone often exceeds N, and the choice of which first-front members survive dominates the search.



3.5 Fuzzy sorting

OHRID-Net replaces crowding distance and reference-point association with a fuzzy inference system
(FIS) that scores every member of the front being split (Fig. 3). The FIS has three steps.

Fuzzification. Each objective is converted to a desirability score um = 100(1 — f) on the universe of
discourse [0, 100], so that larger is better. The score is described by G overlapping Gaussian membership
functions:

Um—Cm 2

Um,g (um) = €exp (_ %) y 9= 1,..,G (6)
Centers ¢ and widths ¢ may be set by the decision-maker or generated from the population's minimum
and maximum. We use G = 5 terms per objective (Low, Med, Med-High, High, Very-High; for
parameters, Undesired, OK, Desired, Great, Excellent) and eight output terms (Not Feasible, Acceptable,
Tolerable, Mediocre, Good, Better, Great, Perfect).

Rule evaluation. Rules of the form /F u; is A; AND ... AND uy is Ax THEN overall is B encode how
combinations of objective levels map to overall desirability. Each rule fires with strength equal to the
minimum of its antecedent memberships. Stakeholder preference enters through the rules. For example, a
rule that rewards Very-High primary acceptance regardless of the other objectives makes that objective
dominant.

Defuzzification. The aggregated output fuzzy set is defuzzified by centroid into a crisp superfunction
value S(x) € [0, 100]. Members of the split front are ranked by S and the highest-ranked fill Py1.
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Fig. 3 OHRID-Net generation loop. Fronts enter P in rank order; the superfunction ranks the members
of the front that does not fit entirely (here F3), replacing crowding distance (NSGA-II) and reference-point
association (NSGA-III)

Because the rule base scores every candidate on a common preference scale, it also lets non-elite
individuals with a preferred profile enter mating selection, a variation that helps the search escape local
optima [26]. No reference points need to be specified. Algorithm 1 summarizes the procedure.

Algorithm 1. OHRID-Net fuzzy-sorting genetic algorithm

Input: population size N; maximum generations 7; objectives f1, ..., fk; membership functions and rule
base

Output: elite population and its objective values

1: Py« Nrandom chromosomes; decode, train and evaluate each




Algorithm 1. OHRID-Net fuzzy-sorting genetic algorithm

2: t<—0

3: repeat

4: O < tournament selection, crossover and mutation on P
5: decode, train and evaluate each member of O

6: Rt — P t U Qt

7: (F1, F», ...) < non-dominated sorting of R;

8: Poi—{};i—1

9: while |Pi1| + |Fi| < N do

10: Py — P UFji—i+1

11:  end while

12:  for each x in F; do

13: fuzzify f(x), fire the rules, defuzzify to S(x)

14: end for

15:  add the N — |Pw1| members of F; with the highest S to P+
16:  t<—1t+1

17: until the elite population is unchanged for 10 generations or ¢ =T
18: return P;

3.6 Computational cost

Let N be the population size, M the number of objectives (M = k), G the membership functions per
objective, R the number of rules and D the number of points at which the output fuzzy set is discretized
for centroid defuzzification. Non-dominated sorting of the 2N combined members costs O(MN?) in all
three algorithms [11]. Crowding distance adds O(MN log N). NSGA-III association adds O(MNH) and
needs H reference points, already 35 for four objectives with four divisions (Section 3.4), and H grows
combinatorially with M. Fuzzy sorting fuzzifies, fires and defuzzifies each candidate once, giving the cost
in Eq. (7):

O(N(MG + RM + RD)) (7)

The cost is linear in N and independent of reference points. The rule base is sparse: a full grid would need
GM = 625 rules for four objectives, whereas 1416 rules were sufficient here. With N=30, M =4, G = 5,
R =16 and D = 101, fuzzy sorting needs about 10° elementary operations per generation. This is
negligible next to the 3N network trainings of up to 1,000 epochs each that make up fitness evaluation, so
the cost of the method lies in evaluation and not in selection (Section 5.4).

4. Experimental setup

4.1 Data

We use Organ Procurement and Transplantation Network (OPTN) records of deceased donors, waitlisted
candidates and match-run offers for kidneys recovered between 1 January 2016 and 31 December 2022.
Earlier years were excluded because of their high proportion of missing values. Donor, kidney/pancreas
and potential-transplant-recipient files were joined on donor identifiers to build three supervised tasks,
each representing one stakeholder decision in kidney allocation. Feature definitions follow the Scientific



Registry of Transplant Recipients (SRTR) data dictionary, with two derived variables: a five-level clamp-
time-of-day category (00:00-04:59, 05:00-10:59, 11:00-15:59, 16:00-19:59, 20:00-23:59) and the hours
from cross-clamp to final offer decision. Features for each task were selected by statistical screening and
recursive feature elimination. The hard-to-place task uses 63,295 recovered deceased-donor kidneys. For
every task, 80% of the records were used for training and 20% were held out as a test set, on which
objectives fi—f; are measured. The test sets contain approximately 12,659 kidneys for the hard-to-place
task and 10,707 and 12,824 offers for provisional and primary acceptance. The majority class makes up
79.5% and 63.9% of the two acceptance test sets; keeping only the last offers per donor reduces, but does
not remove, class imbalance. A classifier that always predicted the majority class would reach 79.5% and
63.9% accuracy on these test sets. The median elite member in Table 6 exceeds these rates by 6.6 and
26.0 percentage points, and every elite member summarized there exceeds them, the least accurate
provisional-acceptance member only narrowly (80.8%).

Table 3 Objectives of the four-objective case study

Objective Stakeholder Target Construction Single-
decision objective
GA error
fi Hard-to- OPO: will a KI_DISPOSITIO | Donor clinical and procurement- 6.9%
place kidney | recovered N biopsy features (vascular changes,
kidney be interstitial fibrosis), clamp-time
transplanted category

or discarded?

> Provisional | TXC: first INITIAL_RESPO | Donor and candidate features plus | 7.2%
acceptance response to an | NSE provisional-response counts; last
offer ten offers per donor kept to reduce

class imbalance

f3 Primary TXC: final OFFER_ACCEPT | Donor and candidate clinical 3.91%
acceptance accept or features only, clamp-to-decision
decline hours; final offers per donor kept to

reduce class imbalance

fs Model Model — Trainable parameters / Pmax —
capacity developer

The single-objective errors come from a genetic algorithm that optimized each task independently with no
capacity constraint, on the same data and following the approach in [16]. They serve as an unconstrained
reference for the trade-offs found by the many-objective search.

4.2 Shared input layer

Every candidate architecture must be evaluated on all three prediction tasks, so all tasks share one input
width. The union of the selected features gives 34 inputs. For each task, its own features occupy their
positions, and the remaining positions are filled with masking features that carry no signal and cause



negligible loss in accuracy (Fig. 4). Convolution-layer parameter counts do not depend on input width,
but the flatten layer does, so a common width also keeps fi comparable across tasks.
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Fig. 4 Feature masking for the hard-to-place kidney task. The same scheme is applied to the two

acceptance tasks

4.3 Search settings

Table 4 OHRID-Net settings

Setting Value

Population size N 30

Maximum generations 7' 1,000

Objectives k 4

Stopping rule elite population unchanged for 10 generations

Chromosome length

58 bits

Selection

binary tournament




Setting Value

Crossover / mutation one- or two-point / bit-flip or swap (encoded in

chromosome)

up to 1,000, with early stopping and best-model
checkpointing

Training epochs per task

Input membership functions 5 Gaussian per objective

Output membership functions 8 Gaussian

Rule base (run 1) 14 preference-neutral rules

Rule base (run 2) run 1 + 2 rules prioritizing primary acceptance

The framework is written in Python. Genetic operators, encoding, decoding and fitness evaluation were
implemented as custom functions, building on the DEAP toolbox [15]. The fuzzy inference system was
built in Python and mirrored in MATLAB through the MATLAB Engine for visual inspection of
membership functions and rules.

4.4 Use of Al-assisted tools

Claude (Anthropic), a large language model, was used to adapt the first author's dissertation chapter into
journal format, edit the text, check references, extract the summary statistics in Table 6 by reading values
from the published result figures (Figs. 6 and 7), and implement and run the benchmark study in Section
5.3. The authors reviewed all output and take full responsibility for the content.

5. Results and discussion

5.1 Preference-neutral run

With the 14 preference-neutral rules in Table 5, OHRID-Net converged at generation 312 and was
stopped after a further ten generations without change in the elite population. Each fitness evaluation
trained three networks, one per prediction task. Fig. 5 shows the fuzzified objectives, the firing of each
rule for one candidate, and the output terms of the superfunction.

Table 5 Preference-neutral rule base (run 1). Inputs: f; hard-to-place, f, provisional acceptance, f3 primary
acceptance, fs training parameters.

Rule fi f f3 fs Overall

1 Low Low Low Undesired Not Feasible
2 Med Med Med OK Acceptable
3 Med-High Med-High Med-High Desired Good




Rule fi f f3 fs Overall

4 High High High Great Better

5 Very-High Very-High Very-High Excellent Perfect

6 Med-High Med-High Very-High Excellent Better

7 High High Very-High Excellent Great

8 Low Med Med-High Great Tolerable
9 Very-High Med Med-High OK Mediocre
10 Very-High High Med Excellent Better

11 Low High Med-High Desired Tolerable
12 Very-High Very-High Very-High OK Great

13 Med High Very-High Excellent Good

14 Med-High Low Very-High OK Acceptable
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Fig. 5 Input membership functions for the four objectives (left), rule firing for one candidate (top right)
and output membership functions of the superfunction (bottom right)

Fig. 6 plots the 30 elite architectures in parallel coordinates; each line is one architecture, and each axis is
a desirability score (100 x accuracy for f1—f3; 100 x (1 — P/Pmax) for f3). Table 6 summarizes the front.
Hard-to-place accuracy spans 80.0-92.8% (median 87.3%), provisional acceptance 81.5-91.1% (median
86.1%) and primary acceptance 85.5-94.9% (median 89.9%). Capacity scores span 75.7-91.9 (median
85.8), so elite architectures use 8.1-24.3% of the worst-case budget, about 0.28—0.83 million trainable
parameters.
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Fig. 6 Elite population after convergence with preference-neutral rules (run 1). Higher is better on every
axis

The elite front shows the conflict between objectives. The best hard-to-place (92.8%), provisional-
acceptance (91.1%) and primary-acceptance (94.9%) values belong to three different architectures, so
each is outperformed on another axis by other members, and no member reaches the single-task optima
(Table 7). Lines cross between every pair of adjacent axes in Fig. 6, which is how trade-offs appear in
parallel coordinates. When run 2 favored primary acceptance, the median provisional-acceptance
accuracy fell from 86.1% to 85.4% (Section 5.2). Several architectures above 92% primary-acceptance
accuracy drop to the lowest capacity scores (about 76—80), while others keep both scores near or above
88, so the front offers quite different compromises. The hard-to-place and provisional-acceptance tasks
also pull in opposite directions: several members above 90% on f; fall to about 81-84% on f5.

Table 7 compares the best elite value on each prediction axis with the unconstrained single-objective
optimum. The many-objective search comes within 0.3—1.7 points of each single-task optimum while
using at most about a quarter of the worst-case parameter budget. These best values come from different
architectures, and no single member attains all of them. This is where the decision-maker's preferences
come in.

Table 6 Elite-population statistics, preference-neutral rules (run 1) and with rules 1516 (run 2).
Desirability scores: accuracy (%) for fi—f3; 100 x (1 — P/Pmax) for fi. Statistics are computed over the
members resolvable in Figs. 6 and 7.

Objective Run Min Ql Median Q3 Max | Mean
fi Hard-to-place 1 80.0 84.1 87.3 90.0 92.8 87.1
fi Hard-to-place 2 82.5 85.2 87.5 89.1 92.7 87.3
f, Provisional acceptance 1 81.5 83.5 86.1 88.6 91.1 86.1
> Provisional acceptance 2 80.8 83.2 85.4 87.8 91.3 85.6




Objective Run Min Ql Median Q3 Max | Mean
f3 Primary acceptance 1 85.5 86.9 89.9 92.4 94.9 89.8
f3 Primary acceptance 2 85.4 88.3 89.4 92.0 94.9 90.0
f4 Capacity score 1 75.7 81.5 85.8 88.6 91.9 85.0
f; Capacity score 2 <75 80.7 84.6 89.3 92.8 84.6

Table 7 Best elite accuracy (run 1) versus single-objective optimum

Task Single-objective GA Best OHRID-Net elite Gap (points)
accuracy accuracy

Hard-to-place 93.1% 92.8% 0.3

Provisional acceptance 92.8% 91.1% 1.7

Primary acceptance 96.1% 94.9% 1.2

5.2 Steering the search with stakeholder rules

Rules can encode stakeholder priorities. To emulate a transplant center that weighs primary acceptance
most heavily, we added two rules to the base:

* Rule 15: IF f3 is Very-High THEN overall is Acceptable.
* Rule 16: IF f; is Med AND f; is Med AND f3 is Very-High AND f4 is Med THEN overall is
Perfect.

Rule 15 lifts architectures that excel on primary acceptance but otherwise score poorly towards
“Acceptable”, which pushes the search toward single-objective behavior; under centroid defuzzification it
can also pull already high-scoring architectures towards that level (Section 5.3). Rule 16 rewards high
primary acceptance strongly but still requires moderate performance elsewhere. Fig. 7 shows the resulting
elite population.
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Fig. 7 Elite population after adding rules 15 and 16 (run 2)

The rules concentrated the front on the prioritized objective (Table 6). Members below 87% primary-
acceptance accuracy fell from 7 to 3, members at or above 94% rose from 1 to 3, and the lower quartile
rose from 86.9% to 88.3%. The maximum stayed at 94.9%, and the median moved slightly from 89.9% to
89.4% as more members clustered in the 88-90% band. The cost appeared on provisional acceptance,
whose median fell from 86.1% to 85.4%; hard-to-place accuracy and capacity kept similar distributions.
These shifts are only directional. A one-sided Mann—Whitney test on primary-acceptance accuracy (p =
0.43) and a one-sided Fisher exact test on the share of members below 87% (p = 0.14) do not reject the
hypothesis of no change, and one run per rule base cannot separate rule effects from run-to-run variation.
The change needed two rules and no new reference points, weights or code. In practice this is the main
advantage of fuzzy sorting over NSGA-III association.

5.3 Benchmark check of the selection operator

The kidney data cannot be shared, and repeating the deep-network search with other selection operators
was beyond the scope of this study, so fuzzy sorting was also tested on public benchmark problems.
Fuzzy sorting, NSGA-II and NSGA-III were applied to the four-objective DTLZ1, DTLZ2 and DTLZ4
problems [38] with real-coded variables, simulated binary crossover and polynomial mutation, a
population of 84, and 500, 300 and 700 generations respectively, over 20 independent runs per method.
Fuzzy sorting used five Gaussian membership functions per objective, eight output terms and a
preference-neutral rule base of 13 rules built like Table 5. Ranking the split front by an equal-weight sum
of normalized objectives served as an ablation. Convergence was measured as the mean distance of the
final population from the true Pareto front, and coverage of the whole front by hypervolume [24], [19];
methods were compared with the Wilcoxon rank-sum test.

Table 8 Benchmark results over 20 independent runs (medians). Convergence error: mean distance of the
final population from the true Pareto front (lower is better). Hypervolume: objectives normalized by the
true nadir point, reference point 1.1 (higher is better)



Problem | Metric Fuzzy sorting | NSGA-II NSGA-III Weighted sum
(ablation)

DTLZ1 Convergence error 83 x107* 1.3x1072 1.5x1073 3.5x10™

DTLZ1 Hypervolume 0.13 1.33 1.37 0.13

DTLZ2 Convergence error 9.1 x 1073 2.7 %107 6.7 x 10 5.8x10°8

DTLZ2 Hypervolume 0.17 0.88 1.01 0.13

DTLZ4 Convergence error 1.3 %107 2.7 %107 22 %107 3.9x107°

DTLZ4 Hypervolume 0.16 0.90 1.01 0.13

Fuzzy sorting placed its solutions closer to the true Pareto front than NSGA-II on all three problems and
then NSGA-III on DTLZ2 and DTLZ4 (p < 0.001); on DTLZ1 the difference from NSGA-III was not
significant (p = 0.06). Ranking the split front by preference thus keeps up selection pressure where Pareto
dominance alone weakens. NSGA-III, in contrast, covered far more of the front: as a preference-driven
operator without a diversity mechanism, fuzzy sorting concentrates the population in a narrow region, so
its hypervolume is far below that of NSGA-II and NSGA-III on every problem. The two methods serve
different goals. NSGA-III approximates the whole front, whereas fuzzy sorting converges quickly on the
region that stakeholders prefer, which is what the kidney study needs. The weighted-sum ablation
converged even more tightly but collapsed further, covering less of the front than fuzzy sorting on DTLZ2
and DTLZ4 (p < 107%). A simple diversity extension, in which candidates in the same fuzzy-score band
are ordered by crowding distance, recovered most of the coverage (hypervolume 1.31, 0.73 and 0.68 on
DTLZ1, DTLZ2 and DTLZ4) but lost most of the convergence advantage (median convergence error
0.024, 0.017 and 0.019, worse than NSGA-II on DTLZ1 and better on DTLZ2 and DTLZ4). The balance
between focus and coverage can thus be tuned, although NSGA-III remained the best choice for
approximating the whole front.

Convergence speed was measured by recording the convergence error after every generation and counting
the generations each run needed to reach an error of 1072 and of 1073, thresholds fixed before the analysis;
a run that never reached a threshold was counted at the full budget. All methods evaluate 84 new
candidates per generation, so generations measure evaluation cost directly. On DTLZ2 and DTLZ4 fuzzy
sorting reached both thresholds in every run, in 27-44% of the generations NSGA-III needed (p < 1079),
while NSGA-II reached neither within the budget (Table 9, Fig. 8). On DTLZI fuzzy sorting was faster
than NSGA-II (p < 107*) and reached 1072 in a median of 173.5 generations against 228.5 for NSGA-III,
but this difference was not significant (p = 0.06). Fuzzy sorting converged faster as well as more tightly.
This matters most when each evaluation is expensive, as it is in deep-network search.

Table 9 Generations needed to reach a convergence error of 1072 and 10~ over 20 independent runs
(median, with the number of runs that reached the threshold). Budget: 500, 300 and 700 generations for
DTLZ1, DTLZ2 and DTLZ4



Problem | Threshold | Fuzzy sorting NSGA-II NSGA-III p (fuzzy sorting
vs NSGA-III)

DTLZ1 1072 173.5 (20/20) 496 (12/20) 228.5(20/20) | 0.06

DTLZ1 1073 451.5 (13/20) not reached (0/20) > 500 (6/20) 0.06

DTLZ2 1072 39 (20/20) not reached (0/20) 101 (20/20) 6.7x107%
DTLZ2 1073 84.5 (20/20) not reached (0/20) 252 (19/20) 6.7 x 1078
DTLZ4 1072 44.5 (20/20) not reached (0/20) 102 (20/20) 8.9 x 1077
DTLZ4 1073 77.5 (20/20) not reached (0/20) 293 (18/20) 2.7 %1077
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Fig. 8 Convergence error after each generation on the four-objective DTLZ problems (median over 20
runs; shaded band, interquartile range; logarithmic scale). Horizontal lines mark the thresholds 1072 and
1073 used in Table 9

The benchmark also clarified how priority rules behave. Rules modelled on rules 15 and 16 did not move
the population towards the prioritized objective. A likely reason is that a rule whose consequent is a
middle term such as “Acceptable” adds output mass at that level and, under centroid defuzzification, pulls
high-scoring candidates down as well as lifting low-scoring ones. We then tested three priority rules with
extreme consequents: if the prioritized objective is Very-High, the model is Perfect; if it is Very-High and
the others are Med-High, the model is Perfect; and if it is Low, the model is Not Feasible. With these
rules the prioritized objective moved to its best value in every test (Table 10; one-sided Wilcoxon rank-
sum p < 0.008), while the median of the remaining objectives rose in three of the four tests. In the fourth
(fs on DTLZ2) the median of the others fell as well; a median does not show how the remaining trade-off
is spread across them. Steering with fuzzy rules works, provided the priority rules point to the extreme
output terms.

Table 10 Effect of priority rules with extreme consequents over 20 independent runs (median across runs
of the per-run median objective value; lower is better)



Problem | Prioritized Neutral Priority | Other objectives (neutral — p (one-sided)
objective rules rules priority)

DTLZ1 fi 6.9 x 107 ~0 44x10*—0.154 1.3 %107

DTLZ2 fi 0.579 ~0 0.511 — 0.538 53x107

DTLZ2 f3 0.521 ~0 0.540 — 0.257 1.2x10°

DTLZ4 f 0.670 ~0 0.303 — 0.706 8.4 %107

5.4 Discussion and practical implications

In this search space, model capacity can be reduced at little cost. The best elite architectures come within
0.3—1.7 points of separately optimized single-task networks (Table 7), yet every elite member uses 8.1—
24.3% of the worst-case parameter budget (Table 6). Adding capacity as a fourth objective costs little
accuracy, which is useful wherever models are retrained often or run on modest hardware.

Fuzzy sorting also gives every member of the split front a distinct superfunction score, so selection still
discriminates when most of the population is mutually non-dominated, and it does so without reference
points (Table 1, Section 3.6). In addition, the rule base makes the selection criterion easy to read. A rule
such as “if primary acceptance is very high, the model is acceptable” can be read, challenged and edited
by clinicians and allocation committees without machine-learning expertise.

For kidney allocation, the framework yields one compact architecture family that serves both organ
procurement organizations (identifying kidneys at risk of non-use early enough for accelerated placement)
and transplant centers (anticipating provisional and primary acceptance). Sharing one design across the
three tasks simplifies deployment and retraining, and stakeholders can rebalance the trade-off by changing
rules rather than commissioning a new search algorithm.

5.5 Scope and limitations

The main conclusions rest on properties of a converged elite front rather than on fine-grained
comparisons. Below we note what the design controls and what it leaves open.

Repeated runs. Each rule base was run once. Elitism and the stopping rule (no change in the elite
population for ten generations) ensure that each reported front is converged, so the two main findings,
small accuracy gaps to single-task optima and large reductions in model size, are properties of that front.
Only the rule-steering result compares two runs, so we present it as an illustration of the mechanism, and
Section 5.2 reports that the shift is directional rather than statistically established. The benchmark in
Section 5.3, with 20 runs per setting, confirms that priority rules with extreme consequents steer the
search reliably. Multiple seeds per rule base would quantify run-to-run variation. Table 6 is computed
over 25-29 of the 30 elite members per objective because some members overlap in Figs. 6 and 7; the
overlapping members coincide with plotted values, so their omission has little effect on the reported
ranges and quartiles.

Comparison with other selection operators. OHRID-Net changes only the survivor-selection step:
encoding, variation operators and non-dominated sorting are identical to NSGA-II. Any difference in
behavior comes from fuzzy sorting, whose properties relative to crowding distance and reference-point



niching are established analytically in Table 1 and Section 3.6 and checked empirically on public
benchmark problems in Section 5.3. Separately optimized single-task networks provide an empirical
upper reference for each prediction objective (Table 7). A head-to-head comparison on the kidney search
space itself, and refinement of the diversity extension tested in Section 5.3, are the natural next steps.

Performance measures. Test-set accuracy was chosen so that the many-objective results are directly
comparable with the single-objective baselines, and keeping the last offers per donor reflects the decision
points that matter in allocation. Because the acceptance test sets remain imbalanced, Section 4.1 reports
the majority-class rates against which these accuracies should be read. The least accurate provisional-
acceptance members add little predictive value over that rate; they sit at the low-accuracy end of the front,
and a decision-maker would select from the more accurate part of the front. The framework does not
depend on the metric. Area under the ROC curve, F1 score or calibration error can replace accuracy as an
objective without any change to the algorithm. Masking features give every task the same input width,
which is required for a fair capacity objective, and carry no signal by construction.

Data and generalizability. The models draw on national registry data covering every U.S. procurement
organization and transplant center over seven years, including periods before and after the March 2021
shift from donation service areas to distance-based kidney allocation, so the trained models reflect both
allocation regimes. Records before 2016 were excluded because of high missingness, and features were
screened statistically and by recursive feature elimination; residual inconsistencies in registry coding,
such as cold ischemia time for non-used kidneys, remain a known property of the data. The optimization
framework is not specific to transplantation. Applying it elsewhere requires new objectives and a rule
base elicited from that domain's stakeholders.

6. Conclusion and future work

OHRID-Net shows that many-objective evolutionary search can design deep networks that serve several
conflicting prediction tasks while limiting model size. Its fixed-length binary encoding sizes the
chromosome from the hyperparameters chosen for tuning (58 bits for the search space studied here) and
always decodes to a connected network. Its fuzzy sorting operator ranks non-dominated architectures
through membership functions and rules, keeping selection discriminating when most of the population is
mutually non-dominated and letting stakeholders steer the search without reference points or code
changes. On public four-objective benchmark problems it converged faster and more tightly than NSGA-
II and NSGA-III while concentrating on a preferred region of the front, and priority rules with extreme
consequents steered it reliably toward the prioritized objective. On national deceased-donor kidney data
with four objectives, the elite architectures came within 0.3—1.7 points of each unconstrained single-task
optimum while using 8.1-24.3% of the worst-case parameter budget, and two added rules moved the
lower quartile of primary-acceptance accuracy from 86.9% to 88.3%, the objective a transplant center
would priorities.

Future work will (i) refine the diversity extension of Section 5.3 and compare fuzzy sorting with NSGA-
I, NSGA-III and MOEA/D on the kidney search space over repeated runs; (ii) learn membership-
function parameters and rule weights from elicited stakeholder preferences; (iii) reduce search cost with
surrogate fitness models or weight sharing; (iv) package the encoding, operators and fuzzy sorter as an
open framework for other datasets; and (v) extend the approach to allocation models for other organs and
integrate explainability into the fitness evaluation.
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