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FEM group at the University of Helsinki
ω 1 professor, 3 senior scientists, 3 postdoctoral

researchers, 8 PhDstudents

ω Researchinterests:

ςApplications in fisheriesand oil spill riskanalysis

ςDecisionanalysisof renewableresources

ςIntegratingdifferent sourcesof data and 
knowledge: Bayesiananalysis

ςIdentificationand quantificationof risksin the 
useof naturalresources

ςManagement of naturalresourcesin the faceof 
risksand uncertaintyin the information

=> User of information in an essentialrole

www.helsinki.fi/science/fem/index.html



Decisionmakingand poor knowledge
J



0) Some elements and features 
of risk in the Baltic Sea

vessel traffic



Oil transportationin the Gulf of Finland



Oil leaksfrom vessels

ÅIn year2013 130 cases, decreased

in recentyears

Lähde: HELCOM (2014): Annualreport on Illegaldischargesobservedduringaerialsurveillance2013
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Accidents
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Sakke wasthere as well: oceanhas
valuablefaces

Sipadan, Borneo, Malyesia, April 2015 



Risk
(feelingof
It)  Usualquestion: 

Is the likely
benefit
more worthy
than the very
unlikely big loss ?   

Dependson 
how
muchyou
know, how
muchyou can
control
it and how
you learn
learn
from control
actions



Countrieshavedifferent typesof coastallinesand 
usualwind directionsmakea difference
=> Riskattitudes for accidentsare different



Social theories of risk

ÅDouglas: Purity and Danger

ÅBeck and Giddens: Risk society

ÅSocial psychology of risk: Identities, 
perceptions, cultural cognition



Risk and culture

Why culture is important in studying risk 

άLƴŘƛǾƛŘǳŀƭǎ Řƻ ƴƻǘ ǘǊȅ ǘƻ ƳŀƪŜ ƛƴŘŜǇŜƴŘŜƴǘ ŎƘƻƛŎŜǎΣ 
especially about big political issues. When faced with 
estimating probability and credibility, they come 
already primed with culturally learned assumptions 
ŀƴŘ ǿŜƛƎƘǘƛƴƎǎέ ό5ƻǳƎƭŀǎ мффн ǇΦруύ

There are also personal preferences for risks that differ 
between individuals and which are affected by 
background cultural values.



I Published papers of FEM group on 

oil spill risk analyses (and Bayesian 

approach)  



Publishedpaperson oil spills I

Klemola, E., Kuronen, J., Kalli, J., Arola, T., Hänninen, M., Lehikoinen, A., Kuikka, S., Kujala, P. 
and Tapaninen, U. 2009. A cross-disciplinary approach to minimisingthe risks of maritime 
transport in the Gulf of Finland. World Review of Intermodal Transportation Research 2(4): 343ɀ
363. 

Kokkonen, T., Ihaksi, T., Jolma, A. and Kuikka, S. 2010. Dynamic mapping of nature values to 
support prioritization of coastal oil combating. Environmental Modelling& Software, 25 (2010) 
248ɀ257. 

Helle, I., Lecklin, T., Jolma, A. & Kuikka S. 2011. Modeling the effectiveness of oil 
combating from an ecological perspective - A Bayesian network for the Gulf of Finland; the 
Baltic Sea. Journal of HazardousMaterials 185(1):182-192.

Lecklin, T., Ryömä, R. and Kuikka, S. 2011. A Bayesian network for analyzing biological 
acute and long-term impacts of an oil spill in the Gulf of Finland.  Marine Pollution Bulletin 
62 (2011) 2822-2835.

. 



Ihaksi,T., Kokkonen, T., Helle, I., Jolma, A.,Lecklin, T. and Kuikka, S. 2011. Combining 
conservation value, vulnerability, and effectiveness of mitigation actions in spatial 
conservation decisions: an application to coastal oil spill combating. Environmental 
Management. 47: 802ɀ813

Lehikoinen, A., Luoma, E., Mäntyniemi, S. and Kuikka, S. (2013) Optimizing the 
Recovery Efficiency of Finnish Oil Combating Vessels in the Gulf of Finland Using 
Bayesian Networks. Environmental Science and Technology, 47(4):1792-1799.[Link]

Jolma, A., Lehikoinen, A., Helle, I. and Venesjärvi, R. (2014). A software system for 
assessingthe spatially distributed ecologicalrisk posedby oil shipping. Environmental
Modelling& Software, 61:1-11. [Link]

Lehikoinen,A., Hänninen, M. Jenni Storgård, Emilia Luoma, Samu Mäntyniemi & Sakari 
Kuikka. (2015) A Bayesian network for assessing the collision induced risk of an oil 
accident in the Gulf of Finland. Environmental Science and Technology. 38'8(942/0,42/8

Publishedpaperson oil spills & BayesII

http://pubs.acs.org/doi/abs/10.1021/es303634f
http://www.sciencedirect.com/science/article/pii/S1364815214001960


Publications oil spill & Bayes

HaapasaariP., Helle I., Lehikoinen A., LappalainenJ., and Kuikka S. (2015). A 
proactive approach for maritime safety policy making for the Gulf of Finland: seeking 
best practices. Marine Policy, 60:107-118. [Link]

Helle, I., Ahtiainen, H., Luoma, E., Hänninen, M. and Kuikka, S. (2015). A probabilistic 
approach for a cost-benefit analysis of oil spill management under uncertainty: A 
Bayesian network model for the Gulf of Finland. Journal of Environmental 
Management, 158:122-132

Lehikoinen, A., Hänninen, M., Storgård, J., Luoma, E., Mäntyniemi, S. and Kuikka, S. 
(2015). A Bayesian network for assessing the collision induced risk of an oil accident in 
the Gulf of Finland. Environmental Science and Technology, 49(9):5301-5309

Helle, I., Jolma, A., Venesjärvi, R. (2016). Species and habitats in danger: Estimating the 
relative risk posed by oil spills in the northern Baltic Sea. Ecosphere7(5):e01344

http://www.sciencedirect.com/science/article/pii/S0308597X15001621


I. WhyBayesianinferencewith AI 
tools? 

ÅBayesiannetworks/Bayesianbelief
networks/Bayesianinfluencediagrams

ÅFocusingon decisionanalysisand 

uncertaintyin causalrelationships

Å= modellingof knowingand doing
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Responses

ImpactDrivers

StatePressures

A

B C

D

1.

2.

3.

4.

DPSIR = >  framework for decision analysis



Sources of uncertainty 
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Typesof uncertainties
Modified from Rowe (1994) & Francis and Shotton(1997): 

1) temporal uncertainty(uncertainty in future and past states (and their 
relationships), somewhat poorly coveredin Europe

2) structural uncertainty(process or model selection uncertainty,not well 
covered)

3) metrical uncertainty(uncertainty in observations, well covered), 

4) translational uncertainty(uncertainty in explaining uncertain results, 
poorly covered)

5) implementation uncertainty(e.g. how well actual catches match with 
TAC, quite well covered)

6) institutional uncertainty (e.g., uncertainty due to lack of social capital 
(ways to handle this type of problems) in  stakeholder organisations to 
cope with management issues, poorly covered). 



Importanceof uncertainty: probability to be, or to go,  above
a critical threshold(somethingto avoid)?

ÝProbabilistic calculus may be needed for 

a correct decision
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Modeling of oil spills: impacts that 
cannot be seen or measured

Wedo not want to seethe data 
providingoveralldamage
estimates

Evenin a studiedaccident, we
neverseeall impacts, eventhough
we shouldbeawareof them

For modelswe needall knowledge
from field surveys, experts, 
publications, laboratory
experiments, closebycases



Bayes rule

P (b|a) = ------------------------

P (a|b) P (b)

P (a) 

a: data, observations, etc. 

b: probability of parameter value, or hypothesis 

Note:all argumentation is based on probability 

distributions, not on single values!



Bayes rule: probabilistic dependencies 

Real number
of fish (B)

Observations
(data), A 

Observations

Real number
of fish (B)

Classical:
P (A|B)

Bayes:
P (B|A)

Wearenot interestedabout anypossibleother data setsgiventhe data we have. 
Why calculatep of classitalhypothesistests, then? 
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Impactof randomnesson impacts

M/T AmocoCadiz

ÁMarch1978

ÁBretagne

Á230 000 t 

Á20 000 deadbirds

M/T Exxon Valdez

ÁMarch1989

ÁAlaska

Á37 000 t 

Á250 000 deadbirds

vs.

Unknown vessel

ÁFebruary1976

ÁGotlanti 

Á10 t

Á60 000 deadbirds



Fishing 
mortality

Baltic herring Species X Common reed

Toxicants Nutrients
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Satisfaction

State of 
nature

Measurement/
study

Action

State of nature

1000 1500 2000

500 0.2

Measure- 1000 0.6 0.2

ment / study 1500 0.2 0.6 0.2

2000 0.2 0.6

2500 0.2

Description of knowledge in 
a BN model



Example: graphical description of a Bayes net
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Bayesian nets in AI ςa simple WFD 
example for GoF

Fernandez et al, 

2012, Env. Sci & 

Tech.



Bayesiannetworks
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Prioridentificationof causalstrenghtsand policies:
Haapasaari et al 2012
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Biomass dynamic models in the Bayesian 

context (Directed Acyclic Graph )

Bt Bt+1 Bt+2 Bt+3 Bt+4 Bt+5

r

Ct+1 Ct+2
Ct+3 Ct+4 Ct+5

q

p(Bt+5|B t+4, Ct+4,r,K)
p(Bt+1|Bt,Ct,r,K)

p(q)

p(Bt)

Ct

K

Et Et+1

Et+2 Et+3

Et+4
Et+5

p(Ct+1|Bt+1,Et+1,q)

p(r) p(K)

A dynamic Bayesian model: learning 
over time the production parameters
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43Biotieteellinen tiedekunta / Henkilön nimi / 

Esityksen nimi

Observed
studies

Distributionof 
all potential

studies



III  Pastprojectoutcomes



Projects

Ongoing projects:

CEARCTIC

30MILES

GOHERR

MINOUW

MAREFRAME

Past projects

OILRISK

PROBAPS

IBAM

JAKFISH

SAFGOF

EVAHER

PRONE

POORFISH

OILECO

EVAGULF

Kymijoki

ECOKNOWS

MIMIC

MULTIDOM

ECOSEAL

TOPCONS: 



Makingbiodiversitydata as 
an operational tool for 
firemen

Kokkonen, T., Ihaksi, T., Jolma, A. and Kuikka, S. 2010. Dynamic 
mapping of nature values to support prioritization of coastal oil 
combating. Environmental Modelling& Software, 25 (2010) 248ς257. 
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Map application

MIMIC BalticSeaOilSpillConference / 
Riikka Venesjärvi/ Oil spill riskin the 

BalticSea



Speciesand habitatdata
Speciesand habitats
ÅLocations
ÅConservationvalue

index(VAL)

L¦/b έRed [ƛǎǘέŎƭŀǎǎŜǎ:
CR ςCriticallyEndangered
EN ςEndangered
VU ςVulnerable

+ status as Directive 
species/habitat

Jolma, A., Lehikoinen, A., Helle, I. and 
Venesjärvi, R. (2014). A software system
for assessingthe spatiallydistributed
ecologicalrisk posedby oil shipping. 
EnvironmentalModelling& Software, 
61:1-11. [Link]

http://www.sciencedirect.com/science/article/pii/S1364815214001960


SpillModoil maps

Å9 locations

Å3 oil types

Å6 spillsizes

Å3 seasons

Å6 years

2916separate
maps



Gulf of Finland and oil

Lehikoinen et al 2013. Env. Sci. Techn. DOI: 10.1021/es303634f



Helle et al 2016. 

Costbenefit model of oil spill risk management



Results: expectedbenefitsςexpectedcosts(/year)

Decision Autom. Alarm syst. New combatting vessel
State of the other option No No
Costs/Benefit C (ϵ) B (ϵ) C (ϵ) B (ϵ)

Developing alarm system -33 234
Investment cost of vessel -2 720 000
Running costs of vessel -264 226

Open sea combatting 1 471 -28 837

Waste treatment (open sea) 389 -1 507
Shoreline clean up 5306 11575
Waste treatment (avomeri) 6 750 35 706

Environmental damage 230 000 1 250 000

Sum -33 234 243 916 -3 014 571 1 297 280

NBV (net benefit) 210 682 -1 717 290

!

Helle et al 2016. 



Lecklin, T., Ryömä, R. and Kuikka, S. 2011. A Bayesian network for analyzing biological acute 

and long-term impacts of an oil spill in the Gulf of Finland.  Marine Pollution Bulletin 62 (2011) 

2822-2835.

Expert 

judgements

Physical/

theoretical 

models

Data only
òAgent modelò, 

Lehikoinen et al

Data only



V.  Final(ly) conclusions: improving
learningin science
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Country collaboration map
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Oil spill research by city
Click this zoomable Google map:

http://www.gpsvisualizer.com/display/data/1359360387-25398-130.239.157.157.html

http://www.gpsvisualizer.com/display/data/1359360387-25398-130.239.157.157.html


Haapasaari et al, 2015.

New suggestedoil spill riskgovernancestructure


