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RICHARDSON’S MULTILATERAL MILITARY EXPENDITURE
MODEL AUGMENTATION VIA SENTIMENT ANALYSIS OF
NEWS DATA IN THE FRAMEWORK OF COMPLEXITY ECO-
NOMICS!

MHER VARDANYAN

Complexity economics incorporates factors that are not accounted for in classical
economic thought. With this paper, we intend to demonstrate the potential of using the
complexity economics frame of reference by revisiting an existing model of the past,
especially one that has been proven to be effective and, most importantly, could utilize the
recent developments in advanced analytics as a tool to address a more realistic social
milieu. We propose the introduction of more complex dynamics into an already existing
model by using Deep-Learning-based NLP analysis of large news article data to fill in the
action-reaction matrix for Richardson’s multilateral arms race model. By introducing said
complex dynamics we also opened a discussion about the effect that media has on democ-
ratic societies’ military spending and concluded at the first level of analysis that media has
a significant influence on the electorates’ decision-making of democratic nations in the
matter of arms race and defense budgets. Also, we were able to demonstrate the final form
of the augmented multilateral arms race model and its predictive capacity. We hope that
our findings will encourage the use of advanced analytics in the framework of complexity
analysis and improve the existing models’ performance via big data insights.

Keywords: complexity economics, multilateral arms race model, sentiment analysis, mili-
tary spending

Introduction

Since the beginning of the 20th century, economic thought has developed
in strides. Certain metrics for understanding the state of the economy and its
potential for growth and development have been tested and morphed into be-
coming established macro/microeconomic indicators used in a prolific manner
across the world and by many states and corporations as well as by most if not
all, leading international financial institutions. At first glance, one might think
that these indicators are good enough reflections of various aspects of the econ-
omy, and it might be considered completely harmless if not useful to calculate
these indicators and use them in the general analysis of the state of a given
economy. In practice, though, we end up in a situation where crucial policies are
directed and evaluated on the basis of these and other metrics which are the
result of neoclassical understanding and stance on economic theory. In his mile-
stone paper on the foundations of complexity economics, Brian Arthur put for-
ward several arguments that point out the fundamental problem of the neoclas-
sical school of thought which in essence is the fact that these are just theories

! The paper is the extension of the abstract submitted to the conference of Armenian Eco-
nomic Association held in Yerevan in 2023.
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that have been formulated using the abstraction method”. Via abstracting from
the complex reality, the neoclassical school of economics has formulated ele-
gant and functional theories, which in practice lead to devastating results and,
simply put, do not work.

Similar work had been done by Richardson on the matter of modeling the
multilateral arms race and military spending during the Cold War’. Richard-
son’s approach to quantifying various complex factors and using them in his
proposed model is, in fact, a way of successfully modeling complex phenomena
into a predictive and understandable framework.

Thus, the primary research objective of this study is to demonstrate a com-
plexity-introducing approach with the existing model’s extension which includes
large amounts of data processing, namely news article sentiment analysis.

The research questions, objectives, and hypothesis

Primary research question: Is it possible to extend Richardson’s model
with the inclusion of behavioral aspects into the differential equation for the
modeling of defense spending?

Secondary research question: Do the insights gained through the injection
of the NLP analysis improve the model’s performance in any significant way?

Main objective: Derive a data-driven framework for satisfying the pri-
mary research question.

Secondary objective: Summarize the net result of using such a technique
to assess the performance of the enhanced model for the secondary research
question.

HO major: It is possible to extend Richardson’s model with behavioral as-
pects of news sentiment analysis.

HO minor: The extended model will give more insights and improve the
efficiency of the model substantially.

The demand for exploring the relationship between military expendi-
ture and public sentiment shaped by media

The notion that the media follows foreign policy is self-evident, but the re-
verse relationship: the media’s effect on the foreign policy of a given country is
in many cases neglected. In the following section of the paper, we will explore
that relationship by studying the related work in the field. Addressing this issue
will provide us with some understanding of the biases and limitations in the
approach we have taken and will point out some future research areas.

In his famous paper about the so-called “CNN effect” after reviewing the
matter with five cases Piers R. concluded that although there appears to be a
mutual relationship between the reported cases and actual policy, the matter of
which side has a decisive impact should be discussed in three dimensions:

e the actual analysis of the impact of media as opposed to other factors,

e the explanation of cases when the media pressured action and policy did
not follow,

2 Arthur, W.B., 2021. Foundations of complexity economics. Nature Reviews Physics,
3(2), p3p.136—145. DOI: 10.1038/s42254-020-00273-3
Ward, M.D., 2020. Back to the Future: Richardson’s Multilateral Arms Race Model.
Lewis Fry Richardson: His Intellectual Legacy and Influence in the Social Sciences, 27, pp.57-71.
DOI: 10.1007/978-3-030-31589-4
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e the interests of the parties that control the media®.

Another viewpoint that complements the dimensions discussed above was
brought forward by Justin L. He expanded on the third dimension put forward
by Piers and discussed the supporting role of media in terms of interventional
policies with an emphasis on certain common interests between the military-
industrial complex and the media’.

Nevertheless, the extended model that we propose here does not involve
any significant consideration of the mutual relationship described above.
Though we consider our data-driven approach being superior to that of the
manual approach taken by Richardson; especially given the fact that we take
millions of articles from various sources, we still believe that this area of re-
search needs more deliberate attention.

Modeling of multilateral military expenditure

In his review of the multilateral arms race model suggested by L.F.
Richardson Ward M.D. outlined the two basic innovations in social sciences
brought by Richardson:

e the power of mathematics for understanding complex social systems,

e the importance of understanding the interdependence of various phe-
nomena that are usually studied separately®.

With the aim of modeling the multilateral arms race during the Cold War
Richardson developed an approach that consists of two parts.

First, he calculated the so-called “action-reaction” or “cause-consequence”
matrix not following any statistical procedure but mostly relying on his analysis
of the news reporting and radio.

Second, the matrix mentioned above was used in a simple differential equa-
tion that models the relationship among countries’ military spending (eq. 1):

dx; Jj=n .

— g,,+2 LK x; VieE {(12...n} o4

Where x; is the military spending for nation i, and k;; has the action-

reaction coefficients off the diagonal and the economic constraints on the di-
agonal, and g; portrays the hostility terms®.

Though the model proved to be extremely insightful, the primary weakness
of its implementation lay in the fact that the key component of the model, i.e.
the “action-reaction” matrix, was filled using a subjective procedure. In fact, no
person can be deemed unbiased on the matter of analyzing news reporting as
B.H. Fortner and W.A. Hank demonstrated in their research underlining a
reader's three crucial biases: ego-involvement, prior knowledge, and the purpose
of reading’.

* Robinson, P., 1999. The CNN effect: can the news media drive foreign policy?. Review
oflnternatzonal studles 25(2), pp.301-309. DOI: 10.1017/50260210599003010
5 Lewis, J., 2008. The role of the media in boosting military spending. Media, War & Con-
Slict, Igl) pp- 108-117. DOL: 10.1177/175063520708763 1
Ward, M.D., 2020. Back to the Future: Richardson’s Multilateral Arms Race Model.
Lewis Fry Richardson: His Intellectual Legacy and Influence in the Social Sciences, 27, pp.57-71.
DOI: 10.1007/978-3-030-31589-4
7 Fortner, B.H. and Henk, W.A., 1990. Effects of issue-related attitude on readers’ com-
prehension and judgments of unbiased text. Literacy Research and Instruction, 30(2), pp.1-16.
DOI: 10.1080/19388079109558038

50



Moreover, even if we assumed that the analysis of the person carrying it
was accurate, the second problem that would soon arise would be about repli-
cating their results or even continuing the use of the model after their demise.

Thus, we intend to ameliorate the discussed issues with a matrix completion
process involving modern NLP approaches which could help us to standardize
scale, and replicate the procedure of analyzing news data for Richardson’s multi-
lateral arms race model. In short, the NLP approach that we have chosen will fill
in sentiment values within the k matrix for the chosen 11 countries. Next, we will
discuss more in detail what exactly we expect to accomplish and how.

Natural language processing augmentation to the model

The case of using natural language processing (NLP) in the process of the
“action-reaction” matrix completion seems self-evident given the points dis-
cussed above. Therefore, we would like to specify here which specific NLP
approach we have chosen to use and why.

In the science of NLP, more specifically in the objective of deriving senti-
ments (which is our use-case of NLP), it is common to approach the analysis of
text data in three dimensions: document, sentence, and entity or aspect®. As our
analysis involves finding out specific sentiments from country A towards coun-
try B and vice versa, the obvious choice for us will be to approach the task with
aspect-based sentiment analysis (ABSA). Here we aim to extract the so-called
aspect sentiment triplets, first described by Lu X. et al’. Let’s apply this tech-
nique to an example:

The US Embassy warned its citizens to urgently leave Russia.

Here we can see two aspects of interest: the US and Russia. Their interac-
tion is captured via the word “urgently leave”, thus we expect a simple ABSA
algorithm to return a triplet consisting of the following: (US, urgently leave,
negative); (Russia, urgently leave, neutral).

Heng Y. et al. came up with an open-source implementation of such an NLP
solution called “PyABSA”, which is implemented in the Python programming
language'’. It is important to note that there are some other implementations of
aspect-based sentiment analysis. That said we chose to use the one mentioned
above due to its robust performance on general benchmarks and for the fact that it
is open source. Nevertheless, we would like to acknowledge that other implemen-
tations of such an algorithm would produce slightly different results due to model
and data characteristics and the general probabilistic nature of ML algorithms.

Last but not least, before feeding the model the articles we summarized
them using the NLP library “spacy” with our custom function, which transforms
the article text into a coherent and meaningful representation using 10% of the
initial tokens present in the article. This way we not only speed up the computa-
tion process but also make sure that the essence of a given article is analyzed as
opposed to the peripheral aspects of the text.

8 Do, H.H., Prasad, P.W., Maag, A. and Alsadoon, A., 2019. Deep learning for aspect-
based sentiment analysis: a comparative review. Expert systems with applications, 118, pp.272-
299. DOLI: 10.1016/j.eswa.2018.10.003

° Xu, L., Chia, Y.K. and Bing, L., 2021. Learning span-level interactions for aspect senti-
ment triplet extraction. arXiv preprint arXiv:2107.12214.

'“Yang, H. and Li, K., 2022. PyABSA: Open Framework for Aspect-based Sentiment
Analysis. arXiv preprint arXiv:2208.01368.
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The data

We used an open-source dataset created by Andrew Thompson containing
over 2 million articles from the years 2016 to 2020 scraped from various popu-
lar media websites''. The features for each row are the following:

e date (str): Datetime of article publication.
year (int): Year of article publication.
month (float): Month of article publication.
day (int): Day of article publication.
author (str): Article author, if available. A comma separates multiple authors.
title (str): Article title.
article (str): Article text, without paragraph breaks.
url (str): Article URL.

e section (str): Section of the publication in which the article appeared, if ap-
plicable.

e publication (str): Name of the article publication.

During our analysis we only used the date, title, and article, ignoring section
and other columns so that we do not limit our research to the publications that
have been assigned certain sections by mistake or miss having the section/topic
information altogether. It is also worth mentioning that certain country pairs had
substantially larger quantities of referring articles than others. Nevertheless, the
core objective of this analysis revolves around bilateral relations among all coun-
tries, thus making the disbalance of data merely a matter of intensity.

It is also of crucial importance to note that there are certain innate biases
associated with the data as it consists of mostly Western news articles and fur-
ther research can be done to evaluate the impact of using such data.

Multilateral effect analysis of the military expenditure

For 2016 we calculated the sentiment values for the abovementioned 11
countries. The resulting sentiment values were scaled via the formula: z = (x -
u) / s, where u is the sample mean, s is the standard deviation of the samples,

and x is a given sample (for exact values see Appendix 1).
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Plot 1: 2016 K-matrix heatmap (standard scaled)

' The link to the dataset: https://components.one/datasets/all-the-news-2-news-articles-dataset
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As we can see from the heatmap (Plot 1) of the standard scaled K-matrix,
e.g. Armenia’s sentiment was predominantly positive towards Russia, but Rus-
sia’s sentiment was significantly more hostile towards Armenia. It goes without
saying that some interactions are easy to interpret, such as the hostility from
China towards India, the US, and Britain. Nevertheless, some interactions are
hard to interpret at first glance, e.g. Azerbaijan’s positive sentiment towards
Armenia. This and other such cases might be a result of certain countries’ usage
of media as a tool to portray themselves in a better light or a result of the lack of
robustness of our method or a combination of both. That said, the former point
regarding the use of media as a way of promoting a well-rounded image of a
nation is well known in academic circles'?, as discussed by Fiirsich E., and has
the potential of skewing some of the results in such big-data analysis-driven
models; what appears to be left to do is to leave this point for further research
and accept such factors as potential impediments towards finding a much more
effective and robust model augmentation technique.

In addition, let’s see the change in the interactions across time by examin-
ing the heatmaps for years 2016 up to and including 2020 (Plot 2).
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Plot 2: 2016-2020 K-matrix heatmaps (standard scaled)

12 Fiirsich, E., 2010. Media and the representation of Others. International social science
journal, 61(199), pp.113-130. DOI: 10.1111/j.1468-2451.2010.01751.x
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We can clearly see dynamic changes happening here in the relations be-
tween Turkey and Iran, Armenia and India, France and Iran, etc.

The representation of the matrix in the form of a heatmap gives us insight
into the various interactions between countries, but to further understand the
overall picture of the interaction we can interpret the matrix via a directed graph
interaction plot (Plot 3). Here we can see the weighted interactions between
countries and get a glimpse of which country dominates the other in terms of
sentiment values, which, to some degree, reflects the cause-consequence rela-
tionship for increasing or decreasing military spending for a given country.

Plot 3: 2016 K-matrix visualization as a weighted graph network (standard scaled)

What this plot reveals to us is of crucial importance. We have chosen very par-
ticular countries to conduct the analysis on. It is obvious that in this cluster of 11
countries Russia and China dominate the sentiment interaction arena which can be
explained by the fact that 3 of the chosen countries are ex-Soviet, and 8 lie fully or
predominantly in Asia (for seeing the dynamics across years see Appendix 2).

We will later explore these relations and expand on various factors that
play within the dynamics of the arms race and foreign politics. For now, let’s
return to our discussion of Richardson’s model and complete the task described
above. The seemingly missing part of the equation is the hostility terms, which,
by the nature of the construction of our k-matrices, we can derive from those,
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i.e. by taking the average of the k-matrix values for each country.

By filling in all the constants and taking as initial conditions the 2015 mili-
tary expenditures of the 11 counties from the World Bank database'’, we were
able to calculate the standardized projections for military expenditure for 2016
using the Python library scipy.integrate for solving the differential equation
(Table 1).

Countries projected actual
Armenia -5.52% -3.57%
Russia -1.81% 4.25%
Iran -4.95% 15.82%
India -2.66% 10.41%
China 5.52% 1.02%
United States 30.15% 0.95%
Georgia -5.53% 5.24%
Azerbaijan -5.39% -51.84%
Turkey -4.67% 13.78%
Britain -2.17% -11.11%
France -2.98% 3.77%

Table 1: The project vs real growth of military expenditure for 2016

Here we can see that for 5 countries out of 11, we were able to predict the
right trend, while for the most part, we were able to be in the realistic intervals
of change, with the exceptions of the USA and Azerbaijan.

Conclusions

In conclusion, both our hypotheses were confirmed. We were, indeed, suc-
cessful in the objective of extending Richardson’s Multilateral Arms Race
model (HO), and given all the insights gained from the k-matrices we can say
undoubtedly that more insights have been gained through such an approach
while boosting the model’s efficiency, replicability, and robustness. Further
research might involve looking deeper into the relationship among media, the
electorate, and budgeting decision-making regarding defense spending. Also,
the limitations of data quality control and quantity should be taken into consid-
eration in future research as the innate biases of the data and the data collection
process were not in the scope of this paper though they are essential factors for
the results of the computation.

'3 See: https://data.worldbank.org/
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Appendix 1
Arme- Geor- Tur-  Brit-
nia | Russia Iran = India China US gia Az. | key ain  France

Armenia ~ 0.35 095 057 071 071 077 03 085 057 074 0.77
Russia -1.9 085 -294 -1.03 -242 -144 -304 -29 -287 -0.83 -1.38
Iran 0.03 -1.9 057 -105 -152 -113 055 -011 -0.61 -04 -0.52
India 0.67 052 053 071 032 057 017 044 056 036 0.97
China 035 -1.16 -036 -242 071 -215 -039 0.65 -037 -2.66 -041
USA 0.35 08 057 071 071 076 047 044 062 074 0.79
Georgia =~ 0.35 077 057 052 066 066 047 -072 057 074 0.7

Azerbai-
jan 1.63 0.81 0.58 0.71 0.68 0.76 0.3 044 0.7 076 0.73

Turkey -19 -146 -048 0.52 0.27 0.4 0.72 0.17 0.62 022 -0.27

Britain =~ -0.29  -0.11 0.2 -0.03  -042 034  0.21 03 003 074 -2.19

France 035 -0.14 0.21 0.65 031 047 025 044 0.17 -04 0.79
The action-reaction matrix for 2016 after applying standard scaling.

Appendix 2

K-matrix visualization as weighted graph networks (standard scaled) from
2017 to 2020 in left-right order.

56



UZ6r JUMULSUL - swpgunbh pugquwlngd nuquwlpmlh Swhiukph
Unpkh phnpjuybndp Gnpnipim bakph njugbbph JEpmidniprul dhongny pup-
npoipyul wnhnkuwghnmpnul ppowiwmbkpmd — Puppmpub nunkuwgh-
wnnipjniup hwplgh E wntnud gnpéntubkp, npntp wiunbuynd tu qpuuwfui
nbnbuwghnuui dnpmd: Znpjusnid gnyg wnw] b wipdnud pupnnipjui
ninkuwghinnipui hndwh spowbwlh oquiugnpsuwh thpnidp JEputwgking
gnnipjnil nL‘ul'fgnq uh Unpky, nph wpymibwdbnnipmiip wyugnigdws kb w-
dEtwlwplunpp wyb upnn k oginugnpst] wnwewnbd JEpniswjut dkpnnuk-
ph Utpohtt dkppphpnidlitpp npuybtu gnpshp wykih hpunbuwlwb unghujw-
Jut dhpwjuyphtt winpununbiwnt hwdwp:

Unwowplynid £t wykjh pupy phttwdhluwgh ukpdnidniud wpnpku gnjnipe-
it nibkgnn dnpbnud oquuugnpstinyg junpp niunigdwi Jpw hhui]ws
puwjui {kqyp dpwlnid wupnitwlnn Jbpnidnipjniup jungnp unpnipinii-
tkph hnpJustbph ndjujakph Ochswpnunuh puquulnnd uyunwghintp-
mmiuutnh Upguuwuqgph dnpkjh gnpénnnipnii-wpdwquip duwnphgp jpuguk-
1t hwdwp: Ukpuyugiting tpyws pupn phtwdhjwb phbwplpdnd k QLU-
ubph wqpbkgnipniup dnpnyppujupujui hwuwpwlnipnibttiph pwqlw-
Jut swhuutph Jpw b JEpnidnipjut mnwohtt dwjupnulnid tqpuljugnih
E wpygky, np (punudheongutpp twjwt wqpbgnipinit niukt dnnnppudw-
pwlwt Epypubph puwnpnpubph npnomdubph juyugdwt Jpu uywnwqh-
umpniuubph dpguuqph b yuwownywbnipjut pmigkubph Abwynpdwb
hwpgnid: Fugh wyy, ukpuyugyl] B nyunwqhtunipnibtnph dpgujuqgph
puuyuus puquulnnd dnpbjh Eppuwjub dup b ppu juthiwnbudwui
jupnnnipniun:

Pwtuth panbp — puppniprui ininkuwghnnipinil, puquulnngd ayumughinie-
JaLhlkph Upgujuigph unnky, wpulunpnipinibabph JEpniénient i, nuquulul Swpiukp

MTI'EP BAPJAHSH — Pacuiupenue mnozocmopouneii Mooenu 60eHHbIX pacxo008
Puuapocona c nomowpto ananuza HACMpPoenuii HOBOCMHBLIX OAHHBIX 8 PAMKAX IKOHO-
MUKW CTIOMHCHOCMU. — DKOHOMHKA CIIO)KHOCTH BKJIIOYAET B ceOst (pakTOpbl, KOTOpBIC HE
YUUTBHIBAIOTCS B KJIACCHYECKOW SKOHOMUYECKOU MbICIU. B 9TOM cTaThbe Mbl HAMEPEHBI TPO-
JIEMOHCTPUPOBATh TIOTEHIMAT HCIIOIB30BAHMS CHCTEMBI OTCYETa SKOHOMHKH CII0KHOCTH
MyTeM TIepecMOTpa CYIIECTBYIOIIEH MOIENHN MPOIIIOro, 0COOCHHO TOH, KOTOpas JoKa3ala
cBOIO 3(h(PEKTHBHOCTD M, YTO HarboJIee BaXKHO, MOXKET MCIIOJIb30BaTh ITOCIIEJHUE pa3padoT-
KU B 00JIACTH PacIIMPEHHON aHATUTHKH B Ka4eCTBE OCHOBBI HHCTPYMEHT TSl OOpaIeHus K
OoJtee peaTMCTHIHON COIMANBbHOM cpeie. MBI TpeiaraeM BBECTH OoJiee CI0KHYIO JMHA-
MHKY B YK€ CYLIECTBYIOLIYIO MOJEJb C MOMOILIBbI0 00pa0OTKH €CTECTBEHHOTO SI3bIKa Ha
OCHOBE TITyOOKOTO OOYYEeHHSI MAHHBIX OOJIBIIIMX HOBOCTHBIX CTaTel, 4TOOBI 3arlOJIHUThH
MaTpHILy JEHCTBHS-PEAKLIMHU Ui MHOTOCTOPOHHEN MOJIEIM TOHKH BOOpY>KeHUi Pudapico-
Ha. BBOJS yKa3aHHYIO CIIOKHYIO TUHAMHKY, MBI TaK)K€ OTKPBUIA IUCKYCCHIO O BIIMSHUH
CMMU Ha BocHHBIC PACXObl JEMOKPATHYCCKUX OOLIECTB M MPUIILUTH K BHIBOAY HAa MICPBOM
ypoBHe aHanm3a, 4T0 CMU OKa3pIBAIOT 3HAYMTEIHHOE BIMSHUE HAa TPHHATHE PEIICHUMA
n30upaTeNsIMi JJEMOKPATUICCKUX CTPaH IO BOMPOCAM TOHKA BOOPYXKCHUI M OOOPOHHBIN
oroxet. Kpome Toro, Ham yiaioch mpoJIeMOHCTPUPOBATh OKOHYATEIbHYIO (popMy paciiu-
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PEHHOI MOJENII MHOTOCTOPOHHEH TOHKHM BOOPY)KCHHH M €€ IpeCKa3aTelbHyl0 CHOoc00-
HOCTb. MBI HajieeMcsl, YTO HAIIN PE3yIbTaThl OyAyT CIIOCOOCTBOBATH MCIOIB30BAHUIO PAC-
IIUPEHHON AHAJINTUKH B paMKaxX aHAM3a CIOXXHOCTH M IOBBICAT MPOU3BOJUTEIHFHOCT
CYILLIECTBYIOILIMX MOJIEJICH 3a cueT aHam3a OOJBbIIMX JaHHBIX.

KiroueBbie cjoBa: 9KoHOMUKA CIOJACHOCMU, MHO2OCMOPOHHAA MOOeb 20HKU s00pyaHCe-
HLHZ, AHAU3 MOHAIbHOCMU MEeKCcma, 60€HHble pacxodbz
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