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Predicting Serial RG-Score 
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This study predicts change in magnitude of weekly RG-scores recorded 

over a year for a single individual. Attributes include weekly numbers of 

citations, recommendations, reads, and full-text downloads. Events in the 

transition table are weighted by the absolute product of ipsative standard 

scores for RG-score (treated as the class variable) and the attribute which 

is being assessed, thereby maximizing measurement precision, accuracy 

of prediction, and statistical power.
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For each successive pair of weeks in a temporal 

series, an individual’s RG-score is coded using a 

binary indicator as being lower at time i+1 vs. at 

time i (conventionally coded as a 0), or as being 

either unchanged or greater at time i+1 vs. time i 

(coded as 1). Unweighted analysis contrasts the 

relative change in RG-score (unchanged/higher 

vs. lower) over successive recordings, whereas a 

weighted analysis weights every transition table 

entry by the absolute value of the corresponding 

change in RG-score (entries having a weight of 

zero are omitted from analysis).
2
 A recent study 

using weighting to model (i.e., to track) the zig-

zag course of an individual’s weekly RG-score 

(Figure 1) returned an effect strength for sensi-

tivity  (accuracy adjusted for chance) of 55.6% 

in both training and leave-one-out (LOO) jack-

knife validity analysis.
3-5

 

The present study uses optimal weighted 

Markov analysis to determine if RG weekly per-

formance metrics—citations, recommendations, 

and article reads or full-text downloads—can be 

used to predict a zig-zagging serial RG score. 

Figure 1: Weekly RG-Score of an Individual
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Number of Citations 

The RG-score series was analyzed via weighted 

Markov analysis, using ODA to test the explora-

tory hypothesis that data fell into one of the di-

agonals of the Markov transition matrix.
7
 The 

RG-score is given at the end of every week on 

Sunday night, as are the total weekly number of 

citations, recommendations, and article reads or 

full-text downloads. 
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Unweighted Analysis 

In the first analysis the number of citations in 

the present week—either less than (coded as 0), 

or equal to or greater than (coded as 1) the num-

ber of citations in the preceding week—was 

treated as being the attribute. The value of the 

RG-score (coded exactly as was the number of 

citations) was treated as being the class variable. 

As was described above, the class variable was 

measured at the end of the week, whereas the 

attribute was measured over the week prior to 

the computation of RG-score—therefore these 

variables are intrinsically time-lagged.
7
 

The unweighted analysis solution identi-

fied stationarity, with lower citations scores at ti 

predicting lower RG-scores at ti, and vice versa. 

Table 1 provides the resulting confusion matrix. 

Table 1: Confusion Table for Unweighted 

Markov Model of Weekly Change in RG-Score 

                           Predicted 

  Actual        Down     Not Down 

  Down             15                8       

  Not Down        7              19 

The model yielded 65.22% specificity in 

classifying Down weeks, and 73.08% sensitivity 

in classifying Not Down weeks (p<0.011), indi-

cating a moderate degree of predictive accuracy 

(ESS=38.29; 0=chance; 100=perfect classifica-

tion).
4
 Model performance was stable in LOO 

jackknife analysis (p<0.0078). 

This result is strikingly similar to the 

finding of unweighted optimal Markov analysis 

tracking the course of RG-score over time
5
, that 

yielded ESS=41.77. This finding suggests the 

intuitively appealing premise that ability of this 

statistical methodology to track the zig-zagging 

course of the RG-score serves as an upper limit 

of the ability of this methodology to predict the 

zig-zagging course. 

 

Weighted Analysis 

Next, in weighted analysis, every event in the 

transition table was weighted by the absolute 

value of the product of (a) the ipsatively stand-

ardized difference in the RG-score between the 

index (ti+1) vs. prior (ti) week multiplied by (b) 

the ipsatively standardized difference in RG-

score between the index (ti+1) vs. prior (ti) week. 

Ipsative standardization is needed to equate the 

measurement scale of the two weights.
8
 All of 

the weights were positive, so the sample was not 

reduced by eliminating pairs of weeks having a 

null difference score. 

The resulting ODA model indicated sta-

tionarity, yielding the identical confusion table 

(Table 1). For the weighted model, weighted 

sensitivity for Down (69.29%) and for Not 

Down (89.67%) exceeded the unit-weighted 

findings: the resulting weighted ESS of 58.97 

indicates a statistically significant (p<0.0058), 

relatively strong effect.
6 

LOO analysis is not 

possible for weighted categorical designs.
4
  

As occurred in the unweighted analysis, 

this weighted analysis result is strikingly similar 

to the finding of parallel analysis tracking the 

course of RG-score across time
5
, which yielded 

weighted ESS=55.77. This finding supports the 

intuitively appealing premise that ability of this 

statistical methodology to track the zig-zagging 

course of the RG-score is an upper limit (given 

corresponding 95% exact discrete confidence 

intervals
9-11

) of the ability of this methodology 

to predict the zig-zagging course. 

Other Attributes Which Were Evaluated 

Findings obtained for the other attributes which 

were evaluated herein were notably weaker than 

results for number of citations. 

 Unweighted analysis of the number of 

recommendations was not statistically signifi-

cant (p<0.35) and indicated a relatively weak 

effect (ESS=19.80).
4
 Likewise, the model found 
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by weighted analysis was not statistically sig-

nificant (p<0.47), and indicated a relatively 

weak effect (weighted ESS=12.05). 

Unweighted analysis of number of arti-

cle reads was statistically significant (p<0.047) 

at the per-comparison criterion (but not at the 

experimentwise criterion
4
), and the ESS=32.00 

reflects a moderate effect. Weighted analysis 

found a moderate effect (weighted ESS=31.20) 

which was not statistically significant (p<0.31). 

Finally, unweighted analysis of number 

of article downloads was not statistically signifi-

cant (p<0.99) and indicated a very weak effect 

(ESS=2.17). Likewise, the weighted model was 

not statistically significant (p<0.50) and it found 

a relatively weak effect (weighted ESS=18.24). 

Discussion 

It has been my experience that the cliché which 

asserts that “hindsight is always 20-20” reflects 

an overestimate of one’s actual ability to make 

true sense of one’s observations. In the present 

case it is enlightening to discover that the ability 

to “hit” a target (i.e., correctly predict the future 

direction and magnitude of serial change in RG-

score) is limited by one’s ability to “track” a tar-

get (i.e., accurately model the prior course of the 

serial change in RG-score). 

Indeed, at first blush this revelation 

appears to be virtually axiomatic, threatening to 

govern maximum attainable marksmanship.
12

 

However, this discovery motivates my curiosity 

regarding how the accuracy of a Markov model 

of trajectory across time may be maximized. In 

turn this primes the question of how to conduct 

a novometric CTA analysis
13

 at every step in the 

temporal series—and then code the projections 

into the Markov transition matrix, thereby truly 

maximizing realized classification accuracy. To 

quote my Father’s favorite cliché, which may be 

true in the long run in theoretical science, “the 

best is yet to come.” Perhaps, we shall see… 
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