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In many countries, the task of evaluating high-quality scientific research

is performed by public agencies that produce an assessment of the activities
carried out by universities and other High Education Providers (HEPs). This
evaluation process is crucial as it constitutes the main basis of allocating na-
tional financial resources among HEPs.
In our contribution, we are using neural networks for predicting the next UK
Research Excellence Framework exercise (REF) outcomes, i.e., a HEP’s rank
and its quality-related research recurrent funding, and comparing our results
with respect to other linear models in literature. We show that our approach
lead to accurate results and success in predicting the outcomes of the UK’s
research evaluation exercise. The benefits of predicting quality research are
noteworthy and involve alike national funding agencies, educational institu-
tions and researchers.

1 Introduction

Policy makers distribute funds to universities and other High Education Providers (HEPs)
on the basis of evaluations performed by national agencies. These supply comparative
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information regarding the research quality (along with other parameters) at HEPs. The
evaluation task is long, time-consuming, and strongly relies on peer review processes.
In this context, universities and other HEPs are more and more interested in modeling
and predicting the outcome of the whole evaluation process, since an accurate predic-
tion could lead them to understand their pro and cons, to define appropriate strategies
and, eventually, to improve their performance and thus increase the amount of the
granted public funds. To this extent, in literature some studies proposed quantitative
approaches: Mryglod et al. (2015a) and Mryglod et al. (2015b) performed a correlation
analysis between departmental h-indices and the outcome of the 2008 Research Assess-
ment Exercise (RAE) in the UK, proposing to use the departmental h-index to predict
the outcome of the next research assessment exercise, but failing to obtain good results.
Basso and di Tollo proposed generalised linear models Basso and di Tollo (2017) and
linear models Basso and di Tollo (2022) that use, as predictors, the previous research
assessment and the departmental h-indices. Although they obtained good results, their
models, as we will show in the following, are affected by over-fitting, that hinders their
suitability for real life applications.

The task of effectively predicting the outcomes of performance-based research funding
systems, throughout the involved complementary targeted sub-objectives (if any), is not
only desirable, but even necessary in order to let an educational institution implement an
impactful policy strategy without unanticipated side effects Banal-Estanol et al. (2023).
Based on the previous considerations, this contribution introduces a neural network
approach to predict the next research assessment exercise. Neural Networks are algo-
rithms that mimic the behaviour of the human brain to detect non-linear relationships
and to perform complex tasks and/or predictions, showing good generalization capa-
bilities, and, if trained properly, decreasing the risk of over-fitting. Furthermore, since
neural networks’ performances can turn to be sensitive to their parameter values, we
have resorted to a dynamic parameter setting procedure in order to select the most
appropriated values of the introduced parameters.

In this framework, the UK’s public research funding system, along with other coun-
tries’ research-boosting policies, aims at improving national research performances in
both term of quality and quantity Jonkers and Zacharewicz (2016); Geuna and Piolatto
(2016), based on the idea to apply a rewarding and motivating scheme for allocating
scarce funds between competing institutions. Hence, we have applied our approach to
data from the UK Research Excellence Framework (REF), also comparing our results
with those in Basso and di Tollo (2022) and with those obtained by a classical neural
network. Compared to the state-of-the-art, our approach shows better performances,
supporting the idea that neural networks can be effective in predicting the result of a
research evaluation exercise when coupled with optimal parameter settings and well-
defined data pre-processing routines. The optimized neural networks were then tested
to forecast the results of the next research assessment, in order to obtain some insights
about their generalisation effectiveness. We finally tested the reliability of our approach
to predict the next exercise research-funded grants: this objective of predicting the next
Research Excellence exercise is the ultimate goal of every HEP, and the use of an inef-
fective and unreliable evaluation model may crucially affect both the mission and the
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governance of a HEP.

Our paper is structured as follows: Section 2 describes the problem at hand along with
the related literature, while Section 3 outlines the problem instances; these instances will
be tackled in the experimental analysis whose components will be detailed in Section 4,
and whose performances will be analysed in Section 5. Last, we are using our approach
to forecast the results of the next evaluation exercise and to test the estimation reliability
of the predicted granted fund in Section 6, before concluding with Section 7.

2 Related Literature

There is an ongoing debate about using bibliometric indicators in the research evaluation
carried out by sovereign institutions, instead of implementing costly and time-consuming
peer-review procedures. Bibliometric indicators are computed based on the amount of
citations received by a paper, which makes their computation deterministic and easy to
understand: they represent a fair measure of a researcher (or institution) excellence and
impact (Burger et al. (1985)), but they come from different databases, and often make
difficult to compare researchers and institutions from different disciplines (MacRoberts
and MacRoberts (1989)), on top of the fact that citations accumulate too slowly to be
used in a short-term research assessment (Bornmann and Leydesdorff (2014)). For these
reasons some scholars discourage their use for research assessment (Lawrance (2003)).

On the other hand, peer-review greatly relies on experts assessments (Bertocchi et al.
(2011)), and although it is universally seen as the most effective tool to assess the
quality of academic research (Evidence (2010)), it presents some shortcomings (i.e., the
Hawthorne effect reported by Bornmann (2012)). Traditionally, research evaluation has
been mainly made by peer-review; nevertheless, more and more relevance is given to
bibliometric indicators: for instance in the UK, the RAE evaluation carried out in 2008
formally forbade to use citations data by panels and resorted to peer-review only, while
the following REF 2014 included bibliometrics as a tool to be used by panels (Sgroi
and Oswald (2013)). Even if the role of bibliometrics is still secondary with respect to
peer-review, we can state that its use in research evaluation is increasing, and that in the
literature one can find more and more contributions aimed at comparing the outcome
of a peer-review based evaluation system with bibliometric indicators only.

Each country has its own rules and procedures to combine both peer-review and bib-
liometric analysis: for example, the Italian Evaluation of Research Quality (VQR) must
peer-review at least 50% of the submitted research, though in the humanities panel this
value raises to 100% (Bertocchi et al. (2011)); the Australian Government’s Excellence
in Research for Australia (ERA) uses bibliometric indicators for natural sciences and
peer-review in social sciences (Bruns and Stern (2015)). Providing an annotated bib-
liography of this aspect is out of the scope of our contribution, and we forward the
interested reader to Basso and di Tollo (2022).

In Thelwall (2025), the authors discuss on Large Language Models, LLMs, for auto-
mated scholarly paper review and to what extent they correlate with REF scores. In



238 Andria et al.

Inglis et al. (2024), the authors analyse the full text of all journal articles returned to
the education subpanel of the 2021 Research Excellence Framework (REF2021). They
found that their predicted Grade Point Aaverages, GPAs, were strongly correlated with
the scores assigned by the REF2014 subpanel. In Thelwall and Yaghi (2024), authors
investigate on whether ChatGPT 4o0-mini can be used to estimate the quality of journal
articles across academia. They sample up to 200 articles from all 34 Units of Assessment
(UoAs) in the UK’s Research Excellence Framework (REF) 2021 and compare ChatGPT
scores with departmental average scores.

3 Our Data

In this contribution we are tackling the case study provided by the analysis of the UK’s
Research Excellence Framework, in which HEFCE! defines (and updates) a formula
for ranking universities and other HEPs on the basis of a performance-based approach
across different disciplines (dedicated panels), each of which linked to a specific unit of
assessment (UoAs: engineering, sociology, biology etc.). Each researcher is invited to
submit four research products, which are then evaluated with respect to three distinct
criteria, i.e., Qutputs, which relates to the originality, significance and rigour compared to
international research quality standards; Impact, which relates to the positive spillover of
research outside of the academic context, and Environment, which concerns the research
environment in terms of its “vitality and sustainability”. For each of these criteria, all
products are assigned to one out of five rating classes: the highest one is labeled 4* and
represents the world leading research; the others are labeled 3*, 2*, 1* and Unclassified,
in decreasing order of relevance. On the basis of these evaluations, for each criterion,
the percent values of the products submitted belonging to the five rating classes are
computed to produce O_i* (Output), I_i* (Impact) and E_i* (Environment), where i*
corresponds to each of the five-point star scale, 4*,3*, 2% 1* and Unclassified; then,
the results for all criteria are weighted to produce the global percentages p4, p3, p2, 1,
PUnclassified: €ach criteria accounts, respectively, for 60%, 25% and 15% of the overall
percentage of research activity p;» rpr, which is computed as:

pi+ = 0.6004" 4+ 0.251 5" + 0.15F 3", (1)

From Eq. (1), the quality-weighted volume (QWYV) of each HEP is obtained by:
QWYV = FTE x (pg= X 4+ p3+), (2)
where, FTE stands for the Full-Time Equivalent of submitted staff and the term in
parenthesis stands for the overall REF 2020 score. HEP’s total granted QR mainstream

is then obtained by multiplying the result from Eq.(2) by the amount of funding per
unit of quality-weighted volume for the whole UoA.

! Higher Education Funding Council for England, htpp://hefce.ac.uk/.
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Please notice that this formula may change over time: at the time of RAE 2008 the
score s’ 4 Was computed as

1

3
7P2,RAE ( )

3
SRAE = P4,RAE + =P3,RAE +
where p; par represents the percent value of research belonging to class i*, i € [1...4];
REF 2014, instead, defines the formula

SREF = P4,REF + ép?;,REF (4)
which is, along with the REF2020 score, the dependent variable to be predicted by our
approach.

Please notice that the aforementioned percent values for RAE and REF are publicly
available, and that the formers are used in our study as predictors. On top of them we
dispose, for every year in the period 2008 —2014, of the departmental h-index of all HEPs
in the sample, that was kindly provided to us by Olesya Mryglod and will be also used
in the predictors set. The goal of our prediction exercise is to assess the relationship,
if any, between the set of predictors (h-indices and p; par) and the score spppr used to
allocate funds.

With respect to the predictor set, we want to point out a great element of novelty
compared to the study in Basso and di Tollo (2022): starting from the consideration
that it is not desirable using many potential predictors when only small sample sizes
are available, they have not used all yearly h-indices, but rather the average yearly h-
index variation over the period 2008 — 2014, jointly with the initial h-value (hggos). In
our contribution instead, based on the generalization skills of neural networks, and their
good performances over small samples, we are using all yearly h-indices together without
any assumption of linearity nor data loss.

As for the sets of data, we have used those in Mryglod et al. (2015a) and Mryglod
et al. (2015b), which has been kindly provided us by the authors, and that consist of the
following UoAs: biology (39 Universities and other HEPs), sociology (29 Universities and
other HEPs), chemistry (34 Universities and other HEPs), and physics (33 Universities
and other HEPs): these UoAs have been selected because they have been included in
the list of UoAs for both RAE and REF. Table 1 shows the main statistics of the sample
used.

4 Our Neural Network Approach

Artificial Neural Networks (ANN) are Artificial Intelligence based algorithms that mimic
and simplify the behavior of the human brain (Haykin (2009)): they are used to solve
problems stemming from many fields, and they are particularly useful in situations
in which there are no assumptions about the relations amongst variables. They are
composed of elementary units (i.e., neurons), connected to (some of) each other by
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Table 1: Summary statistics: %mmm and p;* are, respectively, the five-point star scale global percentages for the years '08 and
"14.
h-index ﬁmwm ﬁw%

08 09 10 11 12 18 14 4* 3* 2% 1* Un 4* 3* 2% 1* Un

Sociology = Mean 21.90 26.55 31.61 36.71 42.06 47.55 51.90 22.26 29.84 3290 13.55 145 19.14 4820 30.84 1.58 0.25
Std dev  6.22 7.60 898 10.56 11.86 1341 15.13 947 584 496 451 231 490 6.75 6.86 2.00 0.57

Skew -0.53 -0.51 -0.57 -0.41 -045 -0.48 -0.42 0.08 033 053 -024 097 030 -0.55 -0.17 224 248

Kurt 0.47 025 0.10 -0.15 -0.15 -0.08 -0.09 -1.01 -0.82 084 -0.57 -1.13 -043 127 -1.35 6.54 5.65

Physics Mean 44.03 50.97 57.55 63.52 68.97 73.58 77.48 15.65 39.68 3597 855 0.16 20.18 66.99 12.15 048 0.21
Std dev 15.14 17.73 20.27 22.28 2447 2593 2729 6.02 446 746 391 090 5.51 6.85 7.68 0.72 0.33

Skew 0.88 0.86 0.95 1.02 1.07 1.06 1.05 -0.63  0.13 1.19 102 557 -0.32 -1.18 137 1.75 1.40

Kurt 0.56 045 0.67 087 1.04 1.05 1.00 0.31 -0.23 251 095 31.00 0.71 1.73 217 261 0.85

Chemistry Mean 3793 44.71 51.64 58.32 64.86 70.61 75.86 13.57 4554 3750 3.39 0.00 19.75 70.34 9.62 0.06 0.23
Std dev 10.78 13.24 15.22 17.53 20.01 22.06 23.39 970 9.16 1244 528 0.00 1145 7.87 849 0.21 0.85

Skew -0.15 -0.01 0.05 0.07 0.29 0.26 0.17 0.89 -0.60 0.23 274 - 0.67 -0.83 136 3.75 4.80

Kurt 0.12 0.04 0.18 024 0.39 0.35 0.33 0.63 0.05 -0.70 9.96 - 0.15 0.57 1.03 14.78 24.04

Biology Mean 58.79 68.46 78.68 88.82 98.14 107.07 115.21 13.57 39.64 3571 9.64 143 27.09 5277 18.09 0.77 1.28
Std dev 18.53 21.30 24.16 27.39 30.44 33.07 3535 780 592 790 489 230 10.55 6.62 7.61 0.87 141

Skew 0.74 074 073 072 0.80 0.84 0.86 1.59 029 -0.74 0.41 1.00 0.20 0.15 0.02 1.08 1.14

Kurt 0.87 081 074 058 0.85 1.03 1.10 3.60 069 006 -0.14 -1.08 -0.13 -0.49 -0.27v 041 048
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weighted edges (i.e., synapses): each synapse is associated to a continuous value, and
each neuron receives as input the weighted sum of the values sent by its neighboring
neurons. This weighted sum is then processed through a specific activation function
to get the activation value which is sent, through synapses, to the connected neurons.
Synapses’ values are set by the learning algorithm, which can be seen as the procedure
to modify the synapses’ weights in order to obtain the desired outputs. Amongst the
learning algorithms, Backpropagation (Werbos (1994)) is still the most used, and is
based on the back-propagation of the difference between the network output and the
actual output of the sample, from the output to the input neurons.

Neurons are organized in topologies, the most common of which are the layered (fea-
turing neurons organised in layers, in which each neuron is connected to neurons of
adjacent layers) and the completely connected (featuring all neurons connected to each
other).

In what follows, we are describing the main components of our neural network ap-
proach: the pre-processing operations; the procedure to partition data into training and
test sets; the network topology, and the learning parameter.

Data Pre-Processing A deep data analysis is important to detect eventual similar-
ities and anomalies, and to preserve the most information as possible. We have imple-
mented the pre-processing operations used in Angelini et al. (2008) and Corazza et al.
(2021), i.e.:

¢ Removal and replacement Missing and/or wrong values are often found in sets
of data coming from real-world scenarios, and some procedures have to be devised
to tackle this aspect Angelini et al. (2008). Differently from Basso and di Tollo
(2022), that remove all entries with missing data, we have followed the guidelines
indicated in Angelini et al. (2008) and Corazza et al. (2021) and replaced the
missing values by the variable’s average over all HEPs: this led to preserve the
most information as possible, that will be useful in the training phase.

e Normalization Data has to be normalised so that its values belong to the same
interval over the different variables. Many mathematical formulations have been
suggested to this aim (Khashman (2010)), and we are using the logarithmic nor-
malization in di Tollo et al. (2015), di Tollo et al. (2014), and di Tollo et al. (2012),
in which the relation between the post-normalisation Z; and pre-normalisation x;
values is defined as follows:

T; = log, (z; + 1) (5)

where © = Zyax + 1, in order to have T; € [0, 1]. Please notice that this transforma-
tion leads to have the departmental h-index always in the same rage, completely
eliminating the problem arising from the fact that the h-index may increase due
to the effect of time rather than of an increase of the scientific quality. This makes
linear models inappropriate when dealing with actual h-index values unless an



242 Andria et al.

appropriate corrective action is taken, as detailed in section 6. Actually, this is
another hint towards the good generalisation power of neural networks; that is,
they do not need extra-actions after the experimental setting is properly defined.

Training and Test Set As for the training-test partition, we have sampled two dis-
joint sets of observations out of the total number of HEPs belonging to the each specific
UoAs: the training set (used for the learning phase) and the test set (used for stop-
ping the learning phase and assessing the network performances). Since we are dealing
with small-sized data, HEPs have been randomly allocated to these two sets to have the
training set consisting of 70% of whole set (and the test set of 30%, accordingly). This
sampling has been repeated 30 times for each UoA, each time leading to a different defi-
nition of the training and test sets, and for each time the adopted performance measures
have been computed over the different training-test partitions.

Network Topology and Learning Parameters As for the network topology, we
have used the classical feed-forward architecture, in which the most important parame-
ters to be set are the number of hidden neurons and the number of hidden layers. To this
extent, we have used the adaptive procedure defined in Corazza et al. (2021) to adap-
tively select the best network topology w.r.t. the performance measures. Furthermore,
Back-Propagation requires the user to pre-define the learning and momentum parame-
ters, but according to several authors there is no way of determining these parameters
a-priori Reed and Marks (1998). Hence, we have used the generic parameter tuning pro-
cedure F-Race Birattari et al. (2010), whose joint application with the aforementioned
adaptive procedure, is apt to define a robust approach that can be instantiated at every
algorithm’s execution.

Supervised learning has been applied on the training set, but the termination criterion
has been evaluated on the test set in order to avoid overfitting. To this goal, several
error measures can be used, such as the mean absolute error (MAE), the mean absolute
percentage error (MAPE), the root mean square error (RMSE), etc. In our experiments,
we have used the mean square error (MSE), defined as:

MSE: ii(ei_ai)Q, (6)

n -
=1

where n is the number of observations, e is the expected output and a is the actual
neural network output. From an operational point of view, neural networks have been
implemented in Python, and the experiments have been performed on a cluster with
AMD Opteron 2216 dual core CPUs running at 2.4 GHz with 2x1 MB L2 cache and 4
GB of RAM under Cluster Rocks distribution built on CentOS 5.3 Linux. The average
execution time was between 22 and 57 seconds for each run.
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4.1 The applied adaptive network algorithm

The task of designing the topology of a network is neither an automatic nor a simple
operation, especially if one considers that no unique criteria exists to determine the
number and the size of hidden layers. In particular, the number of hidden neurons is set
by means of an adaptive procedure aimed at minimizing the following misclassification
error metric calculated for every data set:

MIS — E?:l I{(gsREF =0AJ0SREF = 1) V (ESREF =1AJ0SREFr = 0)}
i H{(0srer = 1) V (dsger = 0)} ’

where I(-) is an indicator function that equals 1 when the argument is true, 0 otherwise
while &5 rer and dsgrpp are, respectively, the predicted and observed direction of change
score over the period 2008-20014. For practical purposes, we have arbitrary associated
the value 1 to an increasing change score whereas 0 stands for a negative sign change.
In detail, the network is initially constructed with one neuron in the hidden layer and,
by an iterative procedure, one more neuron is added until the last K iterations error as
in Eq.(7) remains unchanged (or no significant improvement is observed).
Obviously, the same adaptive procedure could be applied to choose the number of hidden
layers, but here, following Corazza et al. (2021), we set the maximal number of hidden
layers equal to two. For the sake of the reader, we report the flowchart of the proposed
algorithm in Fig. 1.

(7)

5 Algorithm Performances

In this section we are going to describe the results of our experimental analysis. As a first
analysis, Table 2 (a) reports the R? obtained by the linear and a log-linear models as in
Basso and di Tollo (2022): for each couple of UoA and model, they have reported the R?
along with the corresponding AIC and F-test, showing satisfactory performances over all
instances except physics. We have performed a more in-depth analysis of their results by
computing the corresponding predicted R?, which conveys interesting information about
the over-fitting of a model, which occurs whenever its value is significantly lower than
the corresponding pure R?. We can remark that this is the case for all instances, and
this result fully justify the introduction of our neural network approach. Of course, the
computed predicted R?s are relative to the whole set of data for each instance, whilst
in our case, as described in section 4, each dataset splits into 30 different partitions
of training and test sets. Table 2 (b) reports the R? average over the 30 test sets by
applying both our adaptive approach (adaptive topology and parameter tuning) and a
classical neural network approach whose parameters are user-defined before the run. For
each partition, the algorithm has been run 30 times, and the best run (with respect to the
MSE) has been recorded. Please notice that we do not conduct the F-test for our neural
network approach, since there is no guarantee that F-statistics follows an F-distribution
under the null hypothesis in our experimental settings. Also, we have not computed the
AIC, since the devised procedure makes the network topologies (hence, the network’s
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Table 2: Predicting sppp: significance statistics of: (a) models by Basso and di Tollo
(2022); (b) our network approach and a classical neural network approach.
Table (a) refers to statistics on the whole set of data; table (b) refers to the
average statistics on 30 different train-test partitions.

(a)

Linear Model Log-linear Model
UoA biology chemistry physics sociology | biology chemistry physics sociology
R? 0.35 0.61 0.18 0.69 0.38 0.60 0.21 0.65
Predicted R? 0.10 0.35 -0.14 0.61 0.12 0.36 -0.15 0.46
(b)
Adaptive Neural Network Classical Neural Network

UoA biology chemistry physics sociology | biology chemistry physics sociology
R? 0.41 0.44 0.55 0.18 0.27 0.38 0.11 0.32
Predicted R? 0.39 0.39 0.43 0.15 0.15 0.21 -0.03 0.13

parameters) vary over the different instances and executions, making difficult to penalize
the log-likelihood by the complexity of the model.

It is interesting to remark that the classical neural network approach obtains results
that are even worse than the ones in Basso and di Tollo (2022), even though the standard
deviations are kept low. By means of our Adaptive Neural Network approach we instead
obtain R? values that are higher than those in Basso and di Tollo (2022) over two out
of four instances, at the cost of standard deviations that are comparable to the classical
approach. Anyhow, it can be seen that the difference between the predicted and pure
R? are always kept low, indicating that neural networks are less affected by over-fitting
and that they can be successfully applied to predict research quality evaluations.

6 Generalization: Predicting the Results of the Next REF

Basso and di Tollo (2022) applied the implemented regressive models for REF also to
forecast the outcome of the next research evaluation exercise, that was supposed to be
held in 2020. This relied on the fact that one could insert in the predictor set p; rer (i €
{1...4}) (instead of the formerly used p; rar (i € {1...4})) and h-2014 (instead of
the formerly used h-2008), and assign them the coefficients determined in the estimation
phase in the resulting model. Unfortunately, this way of operating does not take into
account the fact that the h-index is cumulative, hence it follows an increasing trend
over time (Mryglod et al. (2015a)), and that a h-2014 value bigger than h-2008 could be
partly due to the time-delay effects and not completely attributable to an improvement
of the HEP’s research quality. Hence, they have proposed to neutralise the average
cumulative effect of time by subtracting the average h-index increase observed over the 6-
year period 2008-2014 (the average being computed over all the HEPs of the UoA under
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examination) to the value of h-2014. As stated in Section 4, our neural network approach
does not need this kind of procedure, since input values are normalised according to pre-
processing operations: this is a further proof of robustness of our approach. Hence, we
have used the implemented neural network, whose results are outlined in table 2 (b), to
forecast the 2020 spgF exercise. An instance of the obtained forecasted results is shown
in Tab. 3, which exhibits for Phisics UoA the expected direction of change of the 2020
assessments with respect to those of the 2014 REF. “ 1 7 indicates that a higher (i.e.,
better) value is obtained, while “ |” indicates that a lower (i.e., worse) score is obtained
than that achieved in the previous REF exercise. Results reported in Table 3 show
that the two approaches lead to comparable forecastings, with on average higher scores
than those observed in the previous exercise. More detailed results are given in Table 4,
where we reported the predicted Physics UoA scores by different methods: linear (L) and
Log-Linear (LL) as in Basso and di Tollo (2022) and our Classical (CNN) and Adaptive
(ANN) Neural Network approach. Results show that our Adaptive Neural Network leads
to the best performances on 12 out of 33 HEPs. Interestingly, results obtained using
the linear model as in Basso and di Tollo (2022) show the best performances for only 7
out of 33 HEPs, being comparable to those resulting from our classical neural network
(Fig. 2). This result is also confirmed across all the other UoAs, for which comparable
performances are observed between the linear model and the classic neural network
approach, while our Adaptive-based neural network is always the best performing one.



246 Andria et al.

Table 3: Forecasting REF 2020: expected sgrpp direction of change for our Adaptive
Neural Network and Classical Neural Network on Phisics UoA. Both methods
lead to an increase of the score value on 22 out of 33 HEPs.

Adaptive Neural Network Classical Neural Network
HEP

Cardiff University
Heriot-Watt University

Imperial College London

Kings College London
Lancaster University
Loughborough University
Queen Belfast

Royal Holloway, University of London
Swansea University
University College London
University of Bath
University of Birmingham
University of Bristol
University of Cambridge
University of Durham
University of Edinburgh
University of Exeter
University of Glasgow
University of Kent
University of Leeds
University of Leicester
University of Liverpool
University of Manchester
University of Nottingham
University of Oxford
University of Sheffield
University of Southampton
University of St Andrews
University of Strathclyde
University of Surrey
University of Sussex

University of Warwick

R T S S T T T e e T R T T T T T e
R T T T S S e T T T S e T S S S T T T S S S SR

University of York




Electronic Journal of Applied Statistical Analysis 247

‘ Start ’

l

/ Net, #hlayers, K /

Generate sub-sample X, (b=1,--- , #runs)

|

Generate Xtraing, Xtesty

BestNet no
Neurons
‘ Stop ’
yes
k=0,7=1

E<K OXi—it1

Calculate err(;;) by Eq.(7) on Xtest,

i) =
All_err ;)

es
o +1<—k‘—0n0 ETT (i) > ly
J=J = T Nowrons BestNet < Net;;
Neurons < (i,7)
lyes
k=k+1

Figure 1: Adaptive Network’s flowchart algorithm.



248 Andria et al.

Table 4: Forecasting REF 2020: actual (4) Vs predicted sgpgr scores (eq.4) for the linear
(L) and Log-Linear (LL) models by Basso and di Tollo (2022), and for our
Classical (CNN) and Adaptive (ANN) Neural Networks on the UoA Phisics.
The method leading to the smallest difference between actual and predicted
value is highlighted in bold.

A L LL CNN ANN
HEP
Cardiff University 63.67 | 64.59 59.06 59.29 63.70
Heriot-Watt University 69.00 | 58.36 56.22 53.91 69.63
Imperial College London 64.67 | 73.91 54.30 59.22 60.41
Kings College London 54.33 | 65.82 53.81 55.28 53.85
Lancaster University 62.67 | 55.90 47.44 52.18 48.25
Loughborough University 45.00 | 40.49 44.41 42.16 41.74
Queen Mary University of London 54.00 | 64.79 53.82 54.00 63.18
Queen Belfast 51.67 | 54.38 51.54 52.64 53.97
Royal Holloway, University of London | 52.00 | 59.41 52.04 55.28 53.01
Swansea University 51.33 | 53.95 52.88 54.03 53.20
University College London 60.00 | 71.37 54.00 52.66 60.99
University of Bath 60.00 | 58.96 55.77 61.04 61.08
University of Birmingham 75.67 | 71.09 54.40 70.03 70.06
University of Bristol 73.67 | 63.00 50.67 52.88 52.85
University of Cambridge 75.67 | 80.58 54.34 55.18 56.56
University of Durham 61.33 | 62.83 56.03 62.37 61.59
University of Exeter 63.00 | 52.56 52.23 60.15 61.26
University of Glasgow 63.00 | 66.52 52.54 65.23 65.70
University of Kent 39.33 | 37.07 4427 40.03 40.18
University of Leeds 68.33 | 58.99 55.99 63.02 56.25
University of Leicester 49.33 | 4492 49.24 49.03 50.63
University of Liverpool 65.67 | 68.74 55.73 58.00 57.94
University of Manchester 76.67 | 69.43 53.99 55.72 70.03
University of Nottingham 72.00 | 63.48 56.53 64.51 57.38
University of Oxford 69.67 | 76.70 52.48 70.03 71.39
University of Southampton 57.00 | 67.92 55.39 58.37 56.02
University of Strathclyde 67.00 | 59.76 54.28 62.81 64.30
University of Surrey 50.33 | 50.27 49.69 49.01 52.88
University of Sussex 59.33 | 66.64 56.20 5H7.23 59.86
University of Warwick 64.00 | 68.92 56.98 57.38 65.77
University of York 66.67 | 54.64 51.18 52.11 62.94
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Figure 2: Scatter plot of Actual against Predicted values for the different methods taken
into account: Linear (L), Log-Linear (LL), Classical Neural Network (CNN)
and Adaptive Neural Network (ANN).

As a last analysis, we want to analyze the reliability of the proposed methods to
predict the actual granted research funds. In light of the acknowledged role of public
funding in boosting and disseminating knowledge creation Fleming et al. (2019) (which
in turn generates positive spillover effects on economic and social variables Hausman
(2022)), an effective predictive management model may provide an important policy
tool at both national and institutional levels. Please notice that HEFCE ceased to exist
as of 1 April 2018 and was replaced by the newly created Research England and that,
for determining the overall quality-related (QR) research profile, Research England’s
allocated mainstream budget is split into three sub-profile pots. This is to reflect the
different weights given to the three elements, as described in Sec. (3), assessed in each
submission to the REF, i.e., Output, Impact and Environment.

Looking at Fig.3, we see that our ANN proposed approach shows a better fit in terms
of both skewness and kurtosis. In fact, as Fig. 3 supports, the mean and the variance of
Sub-Profiles and Total Grant predicted distributions are quite similar to the actual ones,
however, the Linear approach fails to fit properly the third and the fourth moment of the
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(ANN) Adaptive Neural Network - (Act.) Actual. The best performance is highlighted in bold.

Table 5: Relative variation from the actual assigned funds by Sub-profiles/Total mainstream and by approach: (L) Linear -

Cardiff University
Heriot-Watt University
Imperial College London
King’s College London
Lancaster University
Loughborough University
Queen Mary University of London
Queen’s University Belfast
Royal Holloway University of London
Swansea University
University College London
University of Bath
University of Birmingham
University of Bristol
University of Cambridge
University of Durham
University of Exeter
University of Glasgow
University of Kent
University of Leeds
University of Leicester
University of Liverpool
University of Manchester
University of Nottingham
University of Oxford
University of Southampton
University of Strathclyde
University of Surrey
University of Sussex
University of Warwick
University of York

Output

Impact

Environment

Total

A(LAct)% A(ANN,Act)% A(LAct)% A(ANN,Act)% A(L,Act)% A(ANN,Act)% A(LAct)% A(ANN,Act)%

-1.258
2.202
-0.252
+0.810
-0.472
-1.040
+3.073
-4.199
-3.527
+1.909
+0.095
+0.144
+1.552
+0.821
+4.410
-0.254
+1.377
+1.905
+7.712
-1.882
-3.764
+0.398
-0.807
-2.544
-0.935
+0.172
-2.955
+3.598
-1.099
-1.255
-1.434

-5.872
-1.461
-9.883
-1.815
-4.736
-4.358
-2.319
-10.105
-1.341
-0.336
-0.909
+1.933
-1.526
+1.697
+0.410
+1.475
-0.580
+0.694
+0.275
+1.201
+2.488
-0.458
-0.614
-0.655
-1.125
+0.121
+14.565
+1.613
-0.459
-50.828
+0.816

-13.791
+0.381
-13.704
+34.020
-6.815
+41.095
-12.262
+40.975
+78.410
-32.587
-2.194
-5.690
-11.219
-3.171
+35.152
-21.575
+2.246
-3.878
+29.087
-2.918
+35.153
-5.157
+34.122
+17.325
+4.507
-9.179
+5.407
-22.877
-12.997
-10.228
-6.496

+0.544
-0.346
+1.313
+12.809
+6.053
+11.555
-5.391
+66.600
+1.520
-2.090
-3.882
-1.190
+1.452
+1.389
+0.016
-0.373
-2.391
+5.906
+9.310
-2.509
+0.984
-2.120
+0.372
+1.047
+2.935
+3.148
+1.111
+4.801
+2.542
-11.116
+8.889

-5.005
-5.210
-9.392
+7.920
-7.201
+26.870
-6.248
+8.879
-6.880
426,902
-6.354
-5.144
-0.384
-6.294
-9.527
-4.755
-4.701
+11.851
+0.754
+9.123
+0.275
-6.155
+10.497
-4.544
+7.496
-2.131
-5.274
+8.954
-4.695
-5.495
+2.564

+1.772
+4.832
+0.532
+2.629
+0.883
+3.316
+2.588
-1.069
-1.057
+3.716
+1.612
+8.612
+1.457
+1.243
-2.223
-6.646
+1.872
+0.452
+4.674
-0.023
+1.562
1.920
-0.377
-2.363
-3.998
+11.346
+4.128
+5.167
+1.329
+1.025
-9.098

-4.553
+1.090
-4.511
+4.378
-2.374
+6.078
-1.128
+0.930
+0.172
-4.025
-1.435
-2.264
-1.023
-1.091
+10.789
-5.711
+0.649
+3.165
+10.412
-1.159
+0.583
-1.528
+10.279
+2.379
+2.113
-2.515
-0.974
-2.916
-3.635
-3.580
-1.868

-3.392
-0.567
-5.903
-0.099
-2.423
-1.986
-2.033
-2.930
-1.136
-0.371
-0.832
+2.075
-0.518
+1.564
-0.040
-0.442
-0.426
+1.317
+2.035
+0.192
+2.202
-0.297
-0.316
-0.476
-0.692
+2.407
+9.514
+2.933
+0.351
-34.650
+0.826
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Figure 3: Linear (L), Adaptive Neural Network (ANN) and Actual (Act.) Mainstream
QR funds (£). Grant values are scaled by a factor of 1e571.

observed QR funds distribution. Knowledge about the proper shape of the distribution is
important at both local (universities) and national governance levels (national education
funding bodies). At a local level, relying on proper information for an institution would
imply to know its own projected position relative to the other institutions competing
in the Quality-related Research Funding programme. At the upper level, more reliable
predicted results might be crucial at anticipating and implementing more effective and
sustaining funding policies.

7 Concluding Remarks

In this paper we have introduced an adaptive neural network approach for predicting
and forecasting the results of a research quality assessment exercise. These procedures
are carried out by national public bodies to allocate, among Higher Education Providers,
public research funds on a competitive performance basis.

We have worked on instances from the UK’s Research Excellence Framework, and
compared our adaptive parameter-tuning-based approach with previous contributions
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tackling the same dataset. Results show that our proposed approach does not suffer of
overfitting, compares favourably with the existing literature, and, when coupled with
meaningful pre-processing operations, could be successfully used to predict and forecast
the outcome of quality research assessment procedures.

As for future research, we are planning to expand this approach by comparing parameter-
tuning and parameter-control procedures to investigate about the optimal neural network
parameters settings. Furthermore, instead of using our dynamic approach to determine
the topology of the network, we plan to develop a genetic algorithm that relies on sev-
eral mutation operators, and that selects, at each step, the right operator to be used
according to user-defined criteria.

Last, in order to test the robustness of our approach, we aim to tackle instances
from countries other than UK, such as Italy and Belgium, where the research quality
assessment procedures are conducted by applying a different combination of peer-review
and bibliometric criteria.
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