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QUOTES 
 

 

• Jean-Baptiste Lamarck (French biologist, ~ 1800) 

 
 “Tout état de choses dans l’atmosphère . . . résulte non-seulement  

 d’une réunion de causes qui tendent à l’opérer mais encore de 

l’influence de l’état de choses qui existoit auparavant.” 
 
 
 “. . . l’efficacité de toute influence que l’atmosphère reçoit, est 

constamment en raison de l’état préexistant des choses dans cette 

atmosphère . . .”  
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(1) Background 
 

 
 
• Historical Perspective 

 
-- “Random variables defined on Markov chain” 
 (or “Chain-dependent process”) 
 
-- Not clear whether state of Markov chain “hidden” or not 
 
  
• Not-So-Hidden Markov Models 

 
-- Suggest when hidden Markov models might be beneficial  



(2) General Modeling Framework 
 

 
 

• Underlying Markov Chain 
 

-- Make no assumption about whether or not states of Markov chain are 
observed 
  

• Definition of HMM (or not-so HMM) 
 

-- {Jt : t = 1, 2, . . .} first-order Markov chain (finite state space) 
 
-- Conditional distribution of Xt given Jt 
 
-- Xt ’s conditionally independent given Jt ’s  



• Probabilistic Properties 
 
-- Induced temporal dependence 
 
 
 In general: Cov(X, Y) = E[Cov(X, Y | Z)] + Cov[E(X | Z), E(Y | Z)] 
 
 
 HMM:  Cov(Xt , Xt+k ) = Cov[E(Xt | Jt ), E(Xt+k | Jt+k )],  k = 1, 2, . . . 
 
 
-- Stationary stochastic process with weak dependence 
 
 Central Limit Theorem 
 
 Extreme Value Theorem 



(3) Not-So-Hidden Markov Models 
 

 
• Underlying Markov Chain 

 
-- Assume states are observed 
  

• Example:  Chain-dependent process for precipitation 
 
-- Jt daily precipitation occurrence   
 
 Two-state, first-order Markov chain, Corr(Jt , Jt+1) > 0 
 
 Jt = 1 denotes occurrence (Jt = 0 otherwise) 
 
-- Xt daily precipitation amount 
 
 Xt = 0 if Jt = 0  (Xt > 0 otherwise, positively skewed distribution) 



 



• Stochastic Weather Generator 
 
-- Jt daily precipitation occurrence (still first-order Markov chain) 
 
-- Xt daily temperature variable (e.g., maximum or minimum) 
 
-- Conditional distribution of Xt given Jt = i assumed 
 
 
  N(μi , σi

2),  μi = E(Xt | Jt = i),  σi
2 = Var(Xt | Jt = i),  i = 1, 2 

 
 
-- Temporal dependence of daily temperature Xt 
 
 Induced dependence (via precipitation occurrence) not strong enough  
 
 HMM: Corr(Xt , Xt+1) ≤ Corr(Jt , Jt+1) 
 
 Observe:  Corr(Xt , Xt+1) > Corr(Jt , Jt+1) 





(4) Model Extensions 
 

 
 
• Other Types of Mixtures Involving Markov Chains 

 
-- Direct modeling of temporal dependence 
 

• Example: Stochastic Weather Generators (revisited) 
 
-- Random standardization 
 
 Given Jt = i, define  Zt = (Xt − μi ) / σi 
 
 Assume {Zt , t = 1, 2, . . .} is AR(1) process 
 
 Corr(Xt , Xt+k ) sum of three exponentials 



• Markov Chain Conditional on Observed Covariate 
 
 
-- Transition probabilities 
 
 
   Pij = Pr{Jt+1 = j | Jt  = i },  i, j = 0, 1 
 
 
 depend on covariate (e. g., via logistic transformation) 
 
 
-- Pergamino, Argentina daily precipitation occurrence example 
 
 Annual cycle 
 El Niño (ENSO) index (Monthly mean) 
 GLM used to fit model 
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• Chain-Dependent Process Conditional on Observed Covariate 
  
 
-- Conditional distribution of Xt given Jt = i depends on covariate as well 
 
 
-- Chico, CA January daily precipitation amount example 
  
 Transition probs. & precipitation “intensity” depend on: 
 
 Two-state observed pressure index (Monthly mean) 
  

• Chain-Dependent Process Conditional on Hidden Variable 
 
-- Hidden two-state index (Monthly time scale) 

 
-- Use EM algorithm to fit model (still not HMM) 





(5) Potential Applications 
 

 
 
• Regime Shifts 

 
 

-- Atmospheric/Oceanic circulation patterns 
 

North Atlantic Oscillation (NAO) 
 
Not much temporal dependence (seasonal or annual time scale) 
compared to El Niño / Southern Oscillation 
 
Existence of “regimes”? (Conditional non-stationarity) 
 
Mixture of two normal distributions (still not HMM) 



 



 



• Abrupt Climate Change 
 
 
-- Palaeoclimatology 
 

Climate reconstruction 
 
 
-- Changepoint analysis  
 

Issue of temporal dependence (Use HMM?) 
 
 

-- Uncertainty analysis 
 
 Policy implications (Global climate change) 





(6) Role of Hidden Markov Models 
 

 
 
• Environmental/Geophysical Phenomena 

 
 

-- What has been learned from hidden Markov models? 
 
(i) More flexible model 
 
 
(ii) Physical interpretation 
 

Verification of what is already known 
Any new discoveries? 
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