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H.1 Classification Performance

To complement the results presented in Figure 2 in the main text, Table H.1 presents the

results (across datasets) of fitting our model at the initial (iteration 0) and last active step

(iteration 30). It is clear from the table that the improvements activeText brings in terms

of the F1-score, precision, and recall. Furthermore, after labeling 600 documents (20 per

iteration), uncertainty sampling outperforms random sampling across evaluation metrics,

which empirically validates the promise of active learning in terms of text classification.

Table H.1: Classification Performance: Uncertainty vs Random Sampling with
λ = 0.001

Dataset Active Step Uncertainty Sampling Random Sampling

Precision Recall F1-score Precision Recall F1-score

Wikipedia
0 0.71 0.13 0.22 0.71 0.13 0.22
30 0.71 0.54 0.61 0.45 0.56 0.50

BBC
0 0.33 0.86 0.48 0.33 0.86 0.48
30 0.92 0.96 0.94 0.92 0.94 0.93

Supreme Court
0 0.46 0.98 0.63 0.46 0.98 0.63
30 0.85 0.91 0.88 0.75 0.96 0.84

Human Rights
0 0.61 0.01 0.02 0.61 0.01 0.02
30 0.53 0.42 0.47 0.46 0.44 0.45

Similarly, and as noted in the main text, our results appear to be not too sensitive to the

selection of the weighting parameter λ, provided that its value remains small. Figures H.1

and H.2 confirm this finding. Figure H.1, shows that if compared to passive learning, after

30 active steps, the performance of activeText is better in terms of F1-score when λ = 0.001

if compared to λ = 0.01. Figure H.2 demonstrates that when λ is small (for instance, when

λ = 0 representing a supervised model, or λ = 0.001), the out-of-sample performance of

activeText , as indicated by the F1-score, is notably superior compared to cases where λ

is large (for example, when λ = 0.5 or λ = 1, representing models where the labeled and

unlabeled data carry equal weight).

H.2 Visual Demonstration of Updating the Word-Class Matrix

for the Human Rights Corpus

In Subsection “Benefits of Keyword Upweighting,” we highlight a possible explanation for

the initial poor performance of activeText with the Human Rights Allegation dataset: the

length of the documents. Unlike other corpora, each document in the human rights corpus

comprises only one sentence on average. Consequently, the amount of information available
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Figure H.1: Classification Results with 2 Classes and λ = 0.01 vs λ = 0.001.
The darker lines show the results with λ = 0.001 and the lighter lines show λ = 0.01.
The columns correspond to various proportion of positive labels in the corpus. The y-axis
indicates the out-of-sample F1 score and the x-axis show the number of sampling steps. The
smaller the value of λ the better the performance of our model.

for the model to learn from labeled documents is comparatively limited. In such scenarios,

supplementing document labels with keywords can enhance classification accuracy. Our

findings in Section Benefits of Keyword Upweighting indicate that incorporating keywords

indeed enhances performance, particularly in cases where there is a significant imbalance in
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Figure H.2: Classification Results with 2 Classes and λ ∈ {0, 0.001, 0.5, 1}.
The columns correspond to various proportion of positive labels in the corpus. The y-axis
indicates the out-of-sample F1 score and the x-axis show the number of sampling steps. The
smaller the value of λ the better the performance of our model.

document distribution across classes. In this SI, we visually illustrate why is this the case.

Figure H.3 visually demonstrates how the word-class matrix η is updated across iterations

with and without the inclusion of keywords. In the generative model for activeText , the

importance of words for classification hinges on two factors. The first is the ratio of the

probability that a word appears in a document with a positive vs. negative class, and

the second is the word frequency. As these two values increase, the importance of a word

increases. In Figure H.3, the former is presented on the x-axis and the latter on the y-axis.
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Specifically, the x-axis shows the log of ηv1/ηv0, where ηv1 corresponds the probability of

observing the word v in a document with a positive class and ηv0 for a document with a

negative class, and the y-axis is the log of word frequency. This means that words towards

the upper right corner of the figure are more important for the classification. Therefore, this

visualization allows users to interpret which words are more important to the classification.

This visualization also illustrates how the keywords are used to update the word-class

matrix. By shifting the value of η of keywords, which typically appear on the right side of

the figures, we can accelerate the estimation of η and improve the classification performance.

A subset of the keywords supplied is labeled and highlighted by black dots.

H.3 Main Results including SVM Comparisons

Previous iterations of our research incorporated comparisons utilizing a Support Vector Ma-

chine (SVM) classifier with Active Learning, as detailed by Miller et al. (2020). In order to

preserve the memory of those findings, Figure H.4 complements Figure 2 in the main text

by presenting additional comparisons involving both passive and active learning algorithms

within the SVM framework (Miller et al., 2020). Note that we use the margin sampling

variation of their model, which they showed performed the best in their analysis. In order

to facilitate a fair comparison with our models, we evaluate their model with our Quanteda-

based DFMs, rather than the SciKit Learn-based matrices in the original analysis. As a

result, the cross-validation-of-DFMs feature in their original analysis is omitted here.

For activeText , we set the λ parameter to be 0.001.1 In all specifications, we use entropy

sampling to select the documents that will be labeled in each active learning iteration,

arranging the unlabeled documents in descending order in terms of Shannon entropy, then

selecting the top n documents. Additionally, the reported results are the average of 100

Monte Carlo iterations for each model. In each Monte Carlo iteration, the model is randomly

initialized with 20 documents and in each active iteration (see Algorithm 1) 20 additional

documents are labeled.2

As Figure H.4 shows, our overarching conclusions persist: in comparison to both Bidi-

rectional Encoder Representations from Transformers (BERT) and SVM models, activeText

consistently exhibits superior performance during the initial phases of the evaluation pro-

cess. The sole exception to this trend occurs with the Human Rights dataset, where BERT

demonstrates superior performance over activeText .

1We decided to use 0.001 because we found that this value results in a good performance across the
datasets. To the extent that λ is kept small i.e., less than 0.01, our main findings remain unchanged (see
Figure H.1).

2In order to ensure a fair comparison with the active SVM model, the activeText and SVM models are
initialized with the same random documents for each Monte Carlo iteration.
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Figure H.3: Update of the Word-class Matrix (η) with and without Keywords
The right figure shows the distribution of the estimated word-class matrix η with fully labeled
corpus. The left figure shows how η is updated across active iterations. The top row shows
the updating process of η with keywords and the bottom row without. The first column
shows the initial values of η, the middle column shows η after 5 iterations (100 labels), and
the left columns after 10 iterations (200 labels). The x-axis shows the log ratio of ηv1 vs ηv0,
where K = 2 is linked to the positive class. If this value is high, a word v is more strongly
associated with positive labels. The y-axis is the log of word frequency. A word with high
word frequency has more influence in shifting the label probability. A subset of keywords
are labeled and highlighted by black dots. Keywords scheme accelerates the learning process
of η by upweighting the value of corresponding ηvk in the positive direction.
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Figure H.4: Replication of F1 performance from Figure 2 with random and active
SVM
The rows correspond to different datasets and the columns correspond to various proportion
with positive label documents in the corpus. The y-axis indicates the out-of-sample F1
score and the x-axis shows the number of sampling steps. 20 documents are labeled at each
sampling step. The colors correspond to different classifiers. The line type shows different
sampling schemes: the solid lines are for the active sampling and the dashed line are for the
random sampling. Active learning often performs better than passive learning, especially the
proportion of positive labels are small. Moreover activeText performs favorably if compared
to state-of-the-art methods such as BERT.
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I Supplemental Results for the Reanalysis of “Repres-

sion Technology: Internet Accessibility and State Vi-

olence” (Gohdes, 2020)

In this section, we provide additional findings to complement those discussed in Section “In-

ternet Accessibility and State Violence (Gohdes, 2020)”. Specifically, we begin by comparing

the accuracy of predictions made by Gohdes (2020) with those made by activeText , focus-

ing on the construction of the proportion of biweekly government-targeted killings, which

is a key variable in Gohdes (2020). Additionally, we present tables that showcase the com-

plete regression results as reported in Gohdes (2020), vis-à-vis with regression specifications

utilizing the proportion of biweekly government-targeted killings from activeText .

I.1 Comparison of the Predictions Between activeText and XGboost

predictions

Table I.1 shows a crosstable between the prediction based on activeText and the predictions

from Gohdes (2020) obtained using XGboost.3 As the Table shows, most observations fall in

the diagonal cells of the matrix, and the correlation between the two predictions is high (0.93).

One difference is that activeText classifies more documents to target killings compared to

the original predictions. Note that neither prediction claims to be the ground truth, both

are the results of different classifiers.

In Section “Internet Accessibility and State Violence (Gohdes, 2020),” the method used

by the author involves utilizing predictions generated by XGboost. These predictions are then

used to determine the proportion of biweekly government-targeted killings for each of the 14

Syrian governorates, which are the second largest administrative divisions in Syria. Gohdes

(2020) collapses these predictions at the governorate-biweekly level. This proportion serves

as the primary outcome measure in the analysis. Figure I.1 supports the results presented

in Table I.1. Essentially, when comparing the proportion of biweekly government-targeted

killings constructed via XGboost with the same construct in Gohdes (2020), most data points

align closely with the 45-degree line, indicating a high level of agreement.

3XGboost is a scalable, distributed gradient-boosted decision tree often used for classification and other
prediction tasks.

8



Original
untargeted targeted non-government

activeText
untargeted 50327 411 135
targeted 1630 10044 31

non-government 382 34 2280

Table I.1: Cross Table between activeText and XGboost predictions

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Proportion of Target Killing (Original)

P
ro

po
rt

io
n 

of
 T

ar
ge

t K
ill

in
g 

(a
ct

iv
eT

ex
t)

Figure I.1: Scatter plot of the dependent variable between the one constructed by
activeText vs. the original constructed by Gohdes (2020)
The author performs a binomial logit regression where the dependent variable is the ratio of
the number of targeted killings to the total number of government killings. We compare the
dependent variable used in the original paper vs. the one we constructed using activeText .
The 45-degree line (in red) corresponds to equality between measures. We can see that most
observations lie around the 45-degree line while there are some values in the upper triangle.
This suggests that activeText yields a similar dependent variable to the original one, while
there may be some overestimations of the proportion of target killing with activeText .
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I.2 Regression Results in Gohdes (2020)

Table I.2 presents the original regression table reported in Gohdes (2020), while Table I.3 is

a replication of the original table using activeText instead. In both tables, the coefficient

on associated to the main predictor, Internet access, are positive and statistically significant,

which match the author’s substantive conclusion. However, when comparing both tables,

there is a discrepancy between the magnitude of the coefficients associated with IS control

(Islamic State control), and the interaction between IS control and Internet access (3G). We

believe that this is because the number of observations in the IS control is small (51) and

there is almost no variation of the Internet access variable within the observations with IS

control, as shown in Figure I.2.
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I II III IV V VI VII
Intercept −2.340∗∗∗ −2.500∗∗∗ −0.899∗ −0.410 −0.019 −1.308 −3.013∗∗

(0.205) (0.267) (0.403) (0.521) (0.357) (1.057) (1.103)
Internet access (3G) 0.224∗ 0.231∗ 0.200∗ 0.205∗ 0.265∗ 0.313∗∗ 0.909∗∗∗

(0.095) (0.094) (0.085) (0.087) (0.113) (0.116) (0.124)
% Govt control 0.016∗∗∗

(0.004)
Internet (3G) * % Govt control −0.014∗∗∗

(0.001)
Govt control 0.774∗ 0.803∗∗ 1.167∗∗∗ 1.180∗∗∗ 0.080 0.856∗∗ 0.811∗∗∗

(0.332) (0.272) (0.284) (0.288) (0.344) (0.313) (0.237)
IS control 2.027∗∗∗ 1.644∗∗∗ 1.045∗ −0.324 0.432 0.787 −0.663∗∗

(0.435) (0.462) (0.421) (0.209) (0.414) (0.418) (0.221)
Kurd control 0.386 −0.243 −0.506 −1.331 −0.402 0.033 −0.616

(0.594) (0.843) (0.760) (1.134) (0.745) (0.802) (0.432)
Opp control 1.160∗∗∗ 1.252∗∗∗ 0.727∗ 0.759∗ −0.700∗ −0.281 −0.176

(0.298) (0.317) (0.293) (0.296) (0.283) (0.342) (0.164)
Internet (3G) * Govt control −0.163 −0.182 −0.327∗∗ −0.324∗∗ −0.104 −0.358∗∗

(0.132) (0.117) (0.119) (0.122) (0.133) (0.120)
Internet (3G) * IS control −1.798∗∗∗ −1.525∗∗∗ −1.377∗∗∗ −1.391∗∗∗ −1.336∗∗∗

(0.220) (0.281) (0.251) (0.264) (0.261)
Internet (3G) * Kurd control −0.133 0.336 0.093 0.895 −0.052 −0.202

(0.444) (0.649) (0.569) (0.936) (0.553) (0.527)
Internet (3G) * Opp. control −0.605∗∗∗ −0.722∗∗∗ −0.511∗∗ −0.533∗∗∗ 0.316∗ 0.286

(0.159) (0.173) (0.157) (0.158) (0.151) (0.186)
# Killings (log) −0.273∗∗∗ −0.271∗∗∗ −0.354∗∗∗ −0.412∗∗∗ −0.584∗∗∗

(0.054) (0.055) (0.051) (0.072) (0.074)
Govt gains 0.643

(0.385)
Govt losses 0.632

(0.413)
Christian 0.068 0.345∗∗ 0.398∗∗∗

(0.111) (0.116) (0.110)
Alawi 1.479∗∗ −1.167∗∗∗ −0.812∗∗∗

(0.522) (0.177) (0.176)
Druze −0.634∗∗∗ −0.302 0.135

(0.191) (0.191) (0.190)
Kurd −0.659∗∗∗ −0.542∗ −0.580∗∗

(0.194) (0.237) (0.212)
Internet (3G) * Alawi −0.909∗∗∗

(0.163)
Pop (log) 0.196 0.408∗∗

(0.149) (0.150)
Unempl. (%) −0.016 −0.002

(0.012) (0.012)
AIC 11956.847 9993.704 9665.749 9495.591 7671.979 7873.915 7327.796
BIC 12001.524 10239.427 9915.941 9744.552 7944.509 8150.913 7595.858
Log Likelihood −5968.424 −4941.852 −4776.875 −4691.796 −3774.990 −3874.958 −3603.898
Deviance 9519.651 7466.508 7136.554 7026.891 5132.784 5332.720 4790.601
Num. obs. 640 640 640 626 640 640 640
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05. Reference category: Contested control. Governorate-clustered SEs.

Table I.2: Table 1 in Gohdes 2020: Original table
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I II III IV V VI VII
Intercept −2.196∗∗∗ −2.428∗∗∗ −0.795∗ −0.351 −0.037 −1.141 −2.695∗

(0.197) (0.242) (0.390) (0.490) (0.348) (1.229) (1.227)
Internet access (3G) 0.277∗∗ 0.282∗∗∗ 0.242∗∗ 0.250∗∗ 0.342∗∗∗ 0.369∗∗∗ 0.853∗∗∗

(0.091) (0.081) (0.075) (0.077) (0.103) (0.107) (0.118)
% Govt control 0.015∗∗∗

(0.004)
Internet (3G) * % Govt control −0.013∗∗∗

(0.001)
Govt control 0.625∗ 0.672∗∗ 1.048∗∗∗ 1.058∗∗∗ 0.151 0.843∗∗ 0.559∗

(0.319) (0.255) (0.269) (0.273) (0.358) (0.300) (0.249)
IS control 15.157∗∗∗ 15.688∗∗∗ 15.072∗∗∗ −0.275 14.551∗∗∗ 14.877∗∗∗ −0.600∗∗

(1.123) (1.148) (1.136) (0.200) (1.132) (1.134) (0.209)
Kurd control 0.795 0.099 −0.227 −0.440 −0.157 0.334 −0.369

(0.516) (0.729) (0.671) (1.119) (0.677) (0.744) (0.405)
Opp control 0.978∗∗∗ 1.134∗∗∗ 0.594∗ 0.634∗ −0.606∗ −0.197 −0.278

(0.294) (0.304) (0.284) (0.289) (0.270) (0.322) (0.155)
Internet (3G) * Govt control −0.169 −0.190 −0.334∗∗ −0.335∗∗ −0.183 −0.408∗∗∗

(0.126) (0.103) (0.108) (0.111) (0.131) (0.111)
Internet (3G) * IS control −14.829∗∗∗ −15.506∗∗∗ −15.351∗∗∗ −15.392∗∗∗ −15.330∗∗∗

(1.080) (1.096) (1.090) (1.091) (1.091)
Internet (3G) * Kurd control −0.400 0.138 −0.080 0.134 −0.240 −0.366

(0.324) (0.514) (0.463) (0.940) (0.473) (0.460)
Internet (3G) * Opp. control −0.542∗∗∗ −0.688∗∗∗ −0.468∗∗ −0.497∗∗ 0.181 0.149

(0.159) (0.164) (0.150) (0.152) (0.145) (0.176)
# Killings (log) −0.278∗∗∗ −0.274∗∗∗ −0.356∗∗∗ −0.415∗∗∗ −0.567∗∗∗

(0.053) (0.054) (0.051) (0.071) (0.073)
Govt gains 0.512

(0.349)
Govt losses 0.730∗

(0.334)
Christian 0.092 0.352∗∗ 0.369∗∗∗

(0.115) (0.113) (0.105)
Alawi 1.329∗ −0.928∗∗∗ −0.585∗∗∗

(0.528) (0.167) (0.168)
Druze −0.628∗∗ −0.310 0.063

(0.196) (0.197) (0.209)
Kurd −0.565∗∗ −0.502∗ −0.615∗∗

(0.204) (0.227) (0.207)
Internet (3G) * Alawi −0.782∗∗∗

(0.164)
Pop (log) 0.185 0.391∗

(0.167) (0.168)
Unempl. (%) −0.019 −0.007

(0.012) (0.012)
AIC 12050.644 10116.531 9739.975 9570.556 8038.596 8197.433 7735.527
BIC 12095.321 10362.255 9990.166 9819.517 8311.125 8474.431 8003.589
Log Likelihood −6015.322 −5003.266 −4813.988 −4729.278 −3958.298 −4036.717 −3807.763
Deviance 9500.059 7475.946 7097.391 6986.658 5386.011 5542.849 5084.942
Num. obs. 640 640 640 626 640 640 640
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05. Reference category: Contested control. Governorate-clustered SEs.

Table I.3: Table 1 in Gohdes 2020: Reanalysis with activeText
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Figure I.2: Histogram of the Internet (3G) variable by the presence of Islamic
State (IS) control in the original data
The left histogram is the distribution of the Internet (3G) variable for the observation under
IS control, and the right one is not under IS control. The number of observations with IS
control is only 51 out of the total observation of 640. In addition, among those with IS
control, all observations except one takes the same value for the Internet access variable.
This suggests that the regression coefficient on the interaction of IS control and Internet
access can be highly unstable.
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J Supplemental Results for the Reanalysis of “Human

Rights are Increasingly Plural” (Park et al., 2020)

In this section, we present additional results mentioned in the main text about our reanalysis

of Park et al. (2020). As mentioned in the main text, we follow the same pre-processing

approach as Park et al. (2020) when analyzing their dataset of Country Reports on Human

Rights Practices spanning from 1977 to 2016, sourced from the US Department of State.

This involves utilizing their set of 4000 human rights reports, which have been manually

labeled as positive, negative, or neutral (with counts of 1182 positive, 1743 negative, and

1075 neutral reports), and employing the same document-feature matrices comprising 30,000

features, including both unigrams and bigrams.

We stopped our active labeling process after the 25th iteration of our algorithm. As

we discuss in Section “The Method”, this decision was based on observing that the out-of-

sample F1 score, derived from an 80/20 training/test split, did not increase by more than

0.01 units beyond this point (refer to Figure J.1).

Figure 6 in the main text illustrates that by labeling only 500 documents with activeText

, instead of the 4000 documents labeled by Park et al. (2020) for their SVM classifier, we

reach a similar substantive conclusion: that the average sentiment of human rights reports

has remained relatively stable and close to neutral over time. Additionally, in Figure J.2, we

demonstrate that this finding is not influenced by our stopping rule, and it remains robust

even when labeling more documents, such as 1000, 1500, and 2000, instead of just 500.
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Figure J.1: Using the Difference in Out of Sample F1 Score to Decide a Stopping
Point.
As shown in the figure, the out-of-sample F1 score does not increase by more than 0.01 units
beyond labeling 500 documents.
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Figure J.2: Replication of Figure 1 in Park et al. (2020): The Relationship Between
Information Density and Average Sentiment Score Across Different Settings for
the Total Number of Labeled Documents.
The figure shows that, when labeling more documents (such as 1000, 1500, and 2000, instead
of just 500), the results presented in the main text are almost identical and the substantive
conclusions unchanged.
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K Supplementary Appendix for the Simulation Stud-

ies

This section provides a comprehensive presentation of the simulation results. The tables

display the average classification performance achieved in each simulation configuration. We

assess the classification performance using four metrics: accuracy, precision, recall, and F1

score. We generate 100 datasets for each simulation setup and report the average performance

obtained across these datasets.

Two key findings consistently emerge across all simulation setups. First active learning

demonstrates superior performance compared to passive learning (a method that, like LURE,

does not suffer from in-sample bias in training), especially during the initial stages of hand-

labeling. This implies that the benefits of active learning are most pronounced when a small

fraction of documents can be manually labeled, a scenario commonly encountered in practical

situations. Once a substantial portion of documents has been hand-labeled, passive learning

achieves comparable performance to active learning. This observation is unsurprising since

only a limited number of documents remain for labeling.

Second, active learning outperforms passive learning in datasets with imbalanced propor-

tions between classes. In cases where the proportion of classes is balanced, random sampling

performs as well as active learning.
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.81 0.93 0.74 0.98 0.08 0.34 0.05 0.95
0.05 0.50 0.69 1.00 0.55 0.98 0.53 0.99 0.37 0.97
0.05 0.90 0.72 1.00 0.58 0.98 0.71 1.00 0.57 0.98
0.10 0.10 0.86 0.90 0.83 0.97 0.26 0.92 0.16 0.91
0.10 0.50 0.84 1.00 0.74 0.97 0.74 1.00 0.60 0.96
0.10 0.90 0.86 1.00 0.75 0.97 0.85 1.00 0.75 0.97
0.50 0.10 0.94 0.94 0.93 0.94 0.94 0.93 0.94 0.94
0.50 0.50 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96
0.50 0.90 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96

Table K.2: Simulation Results: 1000 documents, 1000 words in the vocabulary, 10 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.11 0.39 0.07 0.95 0.02 0.09 0.01 0.95
0.05 0.50 0.23 0.74 0.14 0.96 0.15 0.50 0.09 0.95
0.05 0.90 0.27 0.76 0.17 0.96 0.27 0.74 0.18 0.96
0.10 0.10 0.25 0.58 0.17 0.90 0.10 0.42 0.06 0.90
0.10 0.50 0.39 0.88 0.26 0.92 0.30 0.79 0.19 0.91
0.10 0.90 0.44 0.87 0.30 0.92 0.43 0.84 0.29 0.92
0.50 0.10 0.68 0.69 0.68 0.68 0.69 0.70 0.68 0.69
0.50 0.50 0.77 0.77 0.77 0.77 0.77 0.78 0.77 0.77
0.50 0.90 0.78 0.79 0.78 0.78 0.79 0.79 0.79 0.79

Table K.3: Simulation Results: 1000 documents, 1000 words in the vocabulary, 10 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.06 0.17 0.04 0.95 0.04 0.11 0.03 0.94
0.05 0.50 0.15 0.55 0.09 0.95 0.13 0.33 0.09 0.95
0.05 0.90 0.20 0.53 0.13 0.95 0.20 0.47 0.14 0.95
0.10 0.10 0.17 0.37 0.12 0.89 0.12 0.29 0.08 0.89
0.10 0.50 0.31 0.69 0.21 0.91 0.25 0.53 0.17 0.90
0.10 0.90 0.34 0.65 0.24 0.91 0.33 0.59 0.24 0.91
0.50 0.10 0.62 0.62 0.62 0.62 0.61 0.62 0.62 0.62
0.50 0.50 0.69 0.69 0.70 0.69 0.69 0.70 0.69 0.69
0.50 0.90 0.72 0.72 0.72 0.72 0.71 0.72 0.71 0.71

Table K.4: Simulation Results: 1000 documents, 1000 words in the vocabulary, 10 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 1.00 1.00 1.00 1.00 0.63 0.93 0.52 0.98
0.05 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 1.00 1.00 0.91 1.00 0.85 0.98
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.5: Simulation Results: 1000 documents, 1000 words in the vocabulary, 50 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.88 0.94 0.85 0.99 0.11 0.40 0.07 0.95
0.05 0.50 0.89 1.00 0.82 0.99 0.80 1.00 0.69 0.98
0.05 0.90 0.92 1.00 0.85 0.99 0.91 1.00 0.84 0.99
0.10 0.10 0.92 0.93 0.91 0.98 0.37 0.94 0.25 0.93
0.10 0.50 0.95 1.00 0.92 0.99 0.92 1.00 0.86 0.99
0.10 0.90 0.96 1.00 0.93 0.99 0.96 1.00 0.93 0.99
0.50 0.10 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.50 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
0.50 0.90 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

Table K.6: Simulation Results: 1000 documents, 1000 words in the vocabulary, 50 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.66 0.81 0.59 0.97 0.16 0.57 0.10 0.96
0.05 0.50 0.76 0.99 0.63 0.98 0.62 0.97 0.47 0.97
0.05 0.90 0.79 0.98 0.67 0.98 0.78 0.99 0.66 0.98
0.10 0.10 0.75 0.82 0.71 0.96 0.36 0.91 0.24 0.92
0.10 0.50 0.89 0.99 0.81 0.98 0.82 0.98 0.71 0.97
0.10 0.90 0.90 0.98 0.84 0.98 0.90 0.98 0.83 0.98
0.50 0.10 0.90 0.90 0.91 0.91 0.89 0.89 0.90 0.89
0.50 0.50 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.90 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97

Table K.7: Simulation Results: 1000 documents, 1000 words in the vocabulary, 50 words
per document, β=0.9
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 1.00 1.00 1.00 1.00 0.93 0.99 0.90 0.99
0.05 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.8: Simulation Results: 1000 documents, 1000 words in the vocabulary, 100 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.99 1.00 0.99 1.00 0.37 0.76 0.26 0.96
0.05 0.50 0.99 1.00 0.99 1.00 0.98 1.00 0.96 1.00
0.05 0.90 1.00 1.00 0.99 1.00 1.00 1.00 0.99 1.00
0.10 0.10 0.99 1.00 0.99 1.00 0.75 1.00 0.63 0.96
0.10 0.50 1.00 1.00 0.99 1.00 1.00 1.00 0.99 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.9: Simulation Results: 1000 documents, 1000 words in the vocabulary, 100 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.94 0.98 0.92 0.99 0.29 0.75 0.19 0.96
0.05 0.50 0.96 1.00 0.93 1.00 0.92 1.00 0.87 0.99
0.05 0.90 0.97 1.00 0.95 1.00 0.97 1.00 0.95 1.00
0.10 0.10 0.97 0.98 0.97 0.99 0.61 1.00 0.46 0.95
0.10 0.50 0.99 1.00 0.99 1.00 0.98 1.00 0.96 1.00
0.10 0.90 0.99 1.00 0.99 1.00 0.99 1.00 0.99 1.00
0.50 0.10 0.99 0.99 0.99 0.99 0.99 0.98 0.99 0.99
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.10: Simulation Results: 1000 documents, 1000 words in the vocabulary, 100 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.07 0.26 0.04 0.95 0.00 0.01 0.00 0.95
0.05 0.50 0.07 0.32 0.04 0.95 0.02 0.08 0.01 0.95
0.05 0.90 0.07 0.33 0.04 0.95 0.06 0.29 0.03 0.95
0.10 0.10 0.39 0.76 0.29 0.92 0.02 0.13 0.01 0.90
0.10 0.50 0.32 1.00 0.20 0.92 0.10 0.69 0.06 0.91
0.10 0.90 0.28 1.00 0.17 0.92 0.26 0.98 0.16 0.92
0.50 0.10 0.76 0.76 0.77 0.76 0.74 0.77 0.73 0.75
0.50 0.50 0.83 0.83 0.84 0.84 0.84 0.84 0.84 0.84
0.50 0.90 0.85 0.84 0.85 0.85 0.84 0.84 0.85 0.85

Table K.11: Simulation Results: 1000 documents, 2500 words in the vocabulary, 10 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.00 0.01 0.00 0.95 0.00 0.02 0.00 0.95
0.05 0.50 0.02 0.08 0.01 0.95 0.02 0.08 0.01 0.95
0.05 0.90 0.03 0.14 0.01 0.95 0.02 0.14 0.01 0.95
0.10 0.10 0.03 0.13 0.02 0.89 0.03 0.14 0.02 0.90
0.10 0.50 0.07 0.42 0.04 0.90 0.06 0.31 0.03 0.90
0.10 0.90 0.10 0.45 0.06 0.90 0.09 0.41 0.06 0.90
0.50 0.10 0.57 0.57 0.59 0.57 0.56 0.58 0.56 0.58
0.50 0.50 0.62 0.62 0.63 0.62 0.62 0.62 0.63 0.62
0.50 0.90 0.64 0.64 0.64 0.64 0.64 0.64 0.64 0.64

Table K.12: Simulation Results: 1000 documents, 2500 words in the vocabulary, 10 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.01 0.04 0.01 0.95 0.01 0.03 0.01 0.95
0.05 0.50 0.02 0.08 0.01 0.95 0.03 0.10 0.02 0.94
0.05 0.90 0.03 0.13 0.02 0.95 0.05 0.13 0.03 0.94
0.10 0.10 0.06 0.17 0.04 0.89 0.05 0.12 0.03 0.89
0.10 0.50 0.08 0.32 0.05 0.90 0.08 0.21 0.05 0.89
0.10 0.90 0.11 0.32 0.07 0.89 0.12 0.30 0.08 0.89
0.50 0.10 0.53 0.54 0.54 0.54 0.53 0.55 0.53 0.54
0.50 0.50 0.57 0.58 0.57 0.58 0.58 0.58 0.58 0.58
0.50 0.90 0.59 0.60 0.59 0.59 0.59 0.60 0.59 0.59

Table K.13: Simulation Results: 1000 documents, 2500 words in the vocabulary, 10 words
per document, β=0.9
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.94 0.99 0.90 0.99 0.00 0.01 0.00 0.95
0.05 0.50 0.73 1.00 0.59 0.98 0.31 0.83 0.20 0.96
0.05 0.90 0.76 1.00 0.63 0.98 0.72 1.00 0.58 0.98
0.10 0.10 0.95 0.94 0.96 0.99 0.02 0.16 0.01 0.90
0.10 0.50 0.93 1.00 0.87 0.99 0.74 1.00 0.60 0.96
0.10 0.90 0.93 1.00 0.87 0.99 0.92 1.00 0.86 0.98
0.50 0.10 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.14: Simulation Results: 1000 documents, 2500 words in the vocabulary, 50 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.06 0.23 0.03 0.95 0.01 0.03 0.00 0.95
0.05 0.50 0.19 0.66 0.11 0.96 0.06 0.30 0.04 0.95
0.05 0.90 0.23 0.73 0.14 0.96 0.21 0.67 0.13 0.96
0.10 0.10 0.35 0.74 0.25 0.92 0.02 0.16 0.01 0.90
0.10 0.50 0.52 0.97 0.37 0.94 0.24 0.94 0.14 0.91
0.10 0.90 0.54 0.99 0.38 0.94 0.50 0.99 0.35 0.93
0.50 0.10 0.77 0.78 0.77 0.77 0.76 0.77 0.77 0.76
0.50 0.50 0.89 0.89 0.89 0.89 0.89 0.89 0.89 0.89
0.50 0.90 0.91 0.91 0.91 0.91 0.91 0.91 0.92 0.91

Table K.15: Simulation Results: 1000 documents, 2500 words in the vocabulary, 50 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.05 0.22 0.03 0.95 0.02 0.08 0.01 0.95
0.05 0.50 0.12 0.53 0.07 0.95 0.07 0.30 0.04 0.95
0.05 0.90 0.18 0.66 0.10 0.95 0.17 0.67 0.10 0.95
0.10 0.10 0.17 0.53 0.11 0.90 0.06 0.35 0.03 0.90
0.10 0.50 0.40 0.89 0.26 0.92 0.25 0.85 0.15 0.91
0.10 0.90 0.45 0.93 0.30 0.93 0.43 0.90 0.29 0.92
0.50 0.10 0.68 0.68 0.69 0.68 0.68 0.69 0.69 0.68
0.50 0.50 0.81 0.81 0.81 0.81 0.81 0.81 0.81 0.81
0.50 0.90 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.85

Table K.16: Simulation Results: 1000 documents, 2500 words in the vocabulary, 50 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.98 0.98 0.97 1.00 0.01 0.03 0.00 0.95
0.05 0.50 0.98 1.00 0.96 1.00 0.84 1.00 0.74 0.99
0.05 0.90 0.99 1.00 0.98 1.00 0.98 1.00 0.97 1.00
0.10 0.10 1.00 1.00 1.00 1.00 0.12 0.56 0.07 0.91
0.10 0.50 0.99 1.00 0.99 1.00 0.99 1.00 0.98 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.17: Simulation Results: 1000 documents, 2500 words in the vocabulary, 100 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.55 0.91 0.44 0.97 0.00 0.00 0.00 0.95
0.05 0.50 0.51 0.99 0.37 0.97 0.15 0.58 0.09 0.95
0.05 0.90 0.55 0.99 0.40 0.97 0.51 0.99 0.36 0.97
0.10 0.10 0.76 0.87 0.70 0.96 0.01 0.09 0.00 0.90
0.10 0.50 0.83 1.00 0.71 0.97 0.57 1.00 0.41 0.94
0.10 0.90 0.84 1.00 0.73 0.97 0.82 1.00 0.71 0.97
0.50 0.10 0.91 0.91 0.91 0.91 0.89 0.90 0.89 0.89
0.50 0.50 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
0.50 0.90 0.99 0.98 0.99 0.99 0.98 0.98 0.99 0.99

Table K.18: Simulation Results: 1000 documents, 2500 words in the vocabulary, 100 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.18 0.54 0.11 0.95 0.00 0.02 0.00 0.95
0.05 0.50 0.38 0.92 0.25 0.96 0.16 0.63 0.10 0.95
0.05 0.90 0.42 0.96 0.28 0.96 0.41 0.96 0.27 0.96
0.10 0.10 0.52 0.74 0.42 0.93 0.03 0.24 0.02 0.90
0.10 0.50 0.71 0.99 0.57 0.96 0.43 1.00 0.28 0.93
0.10 0.90 0.72 0.99 0.58 0.96 0.70 0.99 0.55 0.95
0.50 0.10 0.82 0.83 0.82 0.82 0.81 0.82 0.81 0.81
0.50 0.50 0.94 0.94 0.94 0.94 0.93 0.93 0.93 0.93
0.50 0.90 0.95 0.96 0.95 0.96 0.95 0.95 0.95 0.95

Table K.19: Simulation Results: 1000 documents, 2500 words in the vocabulary, 100 words
per document, β=0.9
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.00 0.01 0.00 0.95 0.00 0.00 0.00 0.95
0.05 0.50 0.00 0.00 0.00 0.95 0.00 0.00 0.00 0.95
0.05 0.90 0.00 0.00 0.00 0.95 0.00 0.00 0.00 0.95
0.10 0.10 0.06 0.36 0.03 0.90 0.01 0.06 0.00 0.90
0.10 0.50 0.05 0.38 0.03 0.90 0.02 0.18 0.01 0.90
0.10 0.90 0.04 0.33 0.02 0.90 0.03 0.30 0.02 0.90
0.50 0.10 0.63 0.64 0.64 0.63 0.64 0.64 0.67 0.64
0.50 0.50 0.71 0.71 0.71 0.71 0.71 0.71 0.72 0.71
0.50 0.90 0.73 0.73 0.74 0.73 0.73 0.73 0.73 0.73

Table K.20: Simulation Results: 1000 documents, 5000 words in the vocabulary, 10 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.00 0.00 0.00 0.95 0.00 0.01 0.00 0.95
0.05 0.50 0.00 0.01 0.00 0.95 0.00 0.02 0.00 0.95
0.05 0.90 0.00 0.00 0.00 0.95 0.01 0.03 0.00 0.95
0.10 0.10 0.02 0.09 0.01 0.90 0.01 0.08 0.01 0.90
0.10 0.50 0.02 0.17 0.01 0.90 0.02 0.10 0.01 0.89
0.10 0.90 0.03 0.20 0.02 0.90 0.03 0.20 0.02 0.89
0.50 0.10 0.52 0.54 0.52 0.54 0.52 0.54 0.53 0.53
0.50 0.50 0.55 0.56 0.55 0.56 0.56 0.56 0.56 0.56
0.50 0.90 0.57 0.57 0.57 0.57 0.57 0.57 0.57 0.57

Table K.21: Simulation Results: 1000 documents, 5000 words in the vocabulary, 10 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.01 0.02 0.00 0.95 0.01 0.02 0.00 0.95
0.05 0.50 0.01 0.02 0.00 0.94 0.02 0.07 0.01 0.94
0.05 0.90 0.02 0.05 0.01 0.94 0.02 0.08 0.01 0.94
0.10 0.10 0.01 0.05 0.01 0.89 0.02 0.07 0.01 0.89
0.10 0.50 0.03 0.15 0.02 0.89 0.05 0.13 0.03 0.88
0.10 0.90 0.05 0.16 0.03 0.88 0.06 0.16 0.04 0.88
0.50 0.10 0.52 0.52 0.53 0.52 0.51 0.52 0.52 0.52
0.50 0.50 0.53 0.54 0.54 0.54 0.53 0.53 0.53 0.53
0.50 0.90 0.54 0.54 0.54 0.54 0.54 0.54 0.54 0.54

Table K.22: Simulation Results: 1000 documents, 5000 words in the vocabulary, 10 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.26 0.65 0.18 0.96 0.00 0.00 0.00 0.95
0.05 0.50 0.02 0.13 0.01 0.95 0.00 0.00 0.00 0.95
0.05 0.90 0.03 0.14 0.01 0.95 0.02 0.12 0.01 0.95
0.10 0.10 0.68 0.82 0.67 0.94 0.00 0.00 0.00 0.90
0.10 0.50 0.38 1.00 0.24 0.92 0.03 0.25 0.02 0.90
0.10 0.90 0.31 0.99 0.19 0.92 0.25 0.96 0.15 0.92
0.50 0.10 0.86 0.88 0.87 0.86 0.86 0.90 0.85 0.86
0.50 0.50 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.90 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98

Table K.23: Simulation Results: 1000 documents, 5000 words in the vocabulary, 50 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.00 0.01 0.00 0.95 0.00 0.00 0.00 0.95
0.05 0.50 0.00 0.02 0.00 0.95 0.00 0.00 0.00 0.95
0.05 0.90 0.01 0.04 0.00 0.95 0.01 0.04 0.00 0.95
0.10 0.10 0.02 0.12 0.01 0.90 0.00 0.05 0.00 0.90
0.10 0.50 0.04 0.41 0.02 0.90 0.02 0.17 0.01 0.90
0.10 0.90 0.06 0.52 0.03 0.90 0.06 0.45 0.03 0.90
0.50 0.10 0.62 0.64 0.63 0.63 0.60 0.64 0.60 0.63
0.50 0.50 0.73 0.73 0.74 0.73 0.73 0.74 0.73 0.74
0.50 0.90 0.77 0.77 0.78 0.77 0.77 0.77 0.77 0.77

Table K.24: Simulation Results: 1000 documents, 5000 words in the vocabulary, 50 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.01 0.04 0.00 0.95 0.02 0.08 0.01 0.95
0.05 0.50 0.01 0.05 0.01 0.95 0.02 0.07 0.01 0.95
0.05 0.90 0.02 0.09 0.01 0.95 0.02 0.09 0.01 0.95
0.10 0.10 0.03 0.18 0.02 0.90 0.04 0.16 0.03 0.90
0.10 0.50 0.05 0.36 0.03 0.90 0.06 0.40 0.03 0.90
0.10 0.90 0.09 0.47 0.05 0.90 0.09 0.46 0.05 0.90
0.50 0.10 0.58 0.58 0.59 0.59 0.57 0.58 0.58 0.58
0.50 0.50 0.66 0.66 0.66 0.66 0.66 0.66 0.67 0.66
0.50 0.90 0.70 0.69 0.70 0.70 0.69 0.70 0.70 0.70

Table K.25: Simulation Results: 1000 documents, 5000 words in the vocabulary, 50 words
per document, β=0.9

29



Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.86 0.97 0.81 0.99 0.00 0.00 0.00 0.95
0.05 0.50 0.21 0.73 0.13 0.96 0.01 0.02 0.00 0.95
0.05 0.90 0.24 0.75 0.15 0.96 0.18 0.63 0.11 0.96
0.10 0.10 0.89 0.90 0.90 0.98 0.00 0.00 0.00 0.90
0.10 0.50 0.79 1.00 0.66 0.97 0.23 0.88 0.14 0.92
0.10 0.90 0.77 1.00 0.64 0.97 0.73 1.00 0.59 0.96
0.50 0.10 0.95 0.95 0.95 0.95 0.96 0.97 0.96 0.96
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.26: Simulation Results: 1000 documents, 5000 words in the vocabulary, 100 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.00 0.01 0.00 0.95 0.00 0.00 0.00 0.95
0.05 0.50 0.01 0.08 0.01 0.95 0.00 0.01 0.00 0.95
0.05 0.90 0.03 0.16 0.02 0.95 0.03 0.13 0.01 0.95
0.10 0.10 0.11 0.51 0.07 0.90 0.00 0.00 0.00 0.90
0.10 0.50 0.21 0.91 0.12 0.91 0.03 0.27 0.02 0.90
0.10 0.90 0.22 0.92 0.13 0.91 0.17 0.84 0.10 0.91
0.50 0.10 0.73 0.75 0.73 0.74 0.70 0.74 0.72 0.72
0.50 0.50 0.88 0.88 0.88 0.88 0.88 0.87 0.88 0.88
0.50 0.90 0.91 0.91 0.91 0.91 0.91 0.91 0.91 0.91

Table K.27: Simulation Results: 1000 documents, 5000 words in the vocabulary, 100 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.01 0.02 0.00 0.95 0.00 0.00 0.00 0.95
0.05 0.50 0.01 0.06 0.01 0.95 0.01 0.04 0.00 0.95
0.05 0.90 0.03 0.14 0.02 0.95 0.03 0.15 0.02 0.95
0.10 0.10 0.05 0.31 0.03 0.90 0.01 0.07 0.00 0.90
0.10 0.50 0.17 0.84 0.09 0.91 0.05 0.36 0.03 0.90
0.10 0.90 0.19 0.88 0.11 0.91 0.17 0.86 0.09 0.91
0.50 0.10 0.65 0.66 0.65 0.65 0.65 0.66 0.66 0.65
0.50 0.50 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.78
0.50 0.90 0.82 0.83 0.82 0.82 0.82 0.83 0.82 0.83

Table K.28: Simulation Results: 1000 documents, 5000 words in the vocabulary, 100 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.88 1.00 0.78 0.99 0.60 1.00 0.44 0.97
0.05 0.50 0.91 1.00 0.84 0.99 0.90 1.00 0.82 0.99
0.05 0.90 0.93 1.00 0.87 0.99 0.93 1.00 0.87 0.99
0.10 0.10 0.92 1.00 0.86 0.99 0.78 1.00 0.64 0.96
0.10 0.50 0.93 1.00 0.87 0.99 0.93 1.00 0.87 0.99
0.10 0.90 0.93 1.00 0.87 0.99 0.93 1.00 0.87 0.99
0.50 0.10 0.93 0.93 0.93 0.93 0.93 0.93 0.93 0.93
0.50 0.50 0.93 0.93 0.93 0.93 0.93 0.93 0.93 0.93
0.50 0.90 0.93 0.93 0.93 0.93 0.93 0.93 0.93 0.93

Table K.29: Simulation Results: 10000 documents, 1000 words in the vocabulary, 10 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.65 0.99 0.49 0.97 0.25 0.78 0.15 0.96
0.05 0.50 0.65 0.98 0.49 0.97 0.59 0.90 0.44 0.97
0.05 0.90 0.67 0.95 0.52 0.97 0.66 0.93 0.52 0.97
0.10 0.10 0.69 0.98 0.53 0.95 0.43 0.81 0.29 0.92
0.10 0.50 0.69 0.98 0.54 0.95 0.67 0.90 0.53 0.95
0.10 0.90 0.69 0.96 0.54 0.95 0.69 0.94 0.54 0.95
0.50 0.10 0.76 0.76 0.76 0.76 0.77 0.77 0.77 0.77
0.50 0.50 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77
0.50 0.90 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77

Table K.30: Simulation Results: 10000 documents, 1000 words in the vocabulary, 10 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.52 0.97 0.36 0.97 0.21 0.50 0.14 0.95
0.05 0.50 0.53 0.97 0.37 0.97 0.47 0.80 0.33 0.96
0.05 0.90 0.56 0.93 0.40 0.97 0.55 0.88 0.40 0.97
0.10 0.10 0.56 0.91 0.41 0.94 0.34 0.59 0.24 0.91
0.10 0.50 0.59 0.97 0.42 0.94 0.56 0.82 0.42 0.93
0.10 0.90 0.59 0.92 0.43 0.94 0.58 0.90 0.43 0.94
0.50 0.10 0.70 0.70 0.70 0.70 0.70 0.71 0.70 0.71
0.50 0.50 0.72 0.72 0.72 0.72 0.72 0.72 0.72 0.72
0.50 0.90 0.72 0.72 0.71 0.72 0.72 0.72 0.72 0.72

Table K.31: Simulation Results: 10000 documents, 1000 words in the vocabulary, 10 words
per document, β=0.9
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.32: Simulation Results: 10000 documents, 1000 words in the vocabulary, 50 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.97 1.00 0.94 1.00 0.90 1.00 0.83 0.99
0.05 0.50 0.98 1.00 0.97 1.00 0.98 1.00 0.97 1.00
0.05 0.90 0.99 1.00 0.98 1.00 0.99 1.00 0.98 1.00
0.10 0.10 0.98 1.00 0.97 1.00 0.96 1.00 0.92 0.99
0.10 0.50 0.99 1.00 0.98 1.00 0.99 1.00 0.98 1.00
0.10 0.90 0.99 1.00 0.98 1.00 0.99 1.00 0.98 1.00
0.50 0.10 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
0.50 0.50 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
0.50 0.90 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

Table K.33: Simulation Results: 10000 documents, 1000 words in the vocabulary, 50 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.94 0.99 0.89 0.99 0.82 0.99 0.70 0.98
0.05 0.50 0.96 1.00 0.92 1.00 0.95 0.99 0.91 1.00
0.05 0.90 0.96 0.99 0.94 1.00 0.96 0.99 0.94 1.00
0.10 0.10 0.95 0.98 0.93 0.99 0.90 0.98 0.83 0.98
0.10 0.50 0.97 0.99 0.95 0.99 0.97 0.99 0.95 0.99
0.10 0.90 0.97 0.99 0.95 0.99 0.97 0.99 0.95 0.99
0.50 0.10 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.50 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.90 0.97 0.97 0.98 0.97 0.97 0.97 0.97 0.97

Table K.34: Simulation Results: 10000 documents, 1000 words in the vocabulary, 50 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.35: Simulation Results: 10000 documents, 1000 words in the vocabulary, 100 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 1.00 1.00 1.00 1.00 1.00 1.00 0.99 1.00
0.05 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.36: Simulation Results: 10000 documents, 1000 words in the vocabulary, 100 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.99 1.00 0.98 1.00 0.98 1.00 0.95 1.00
0.05 0.50 1.00 1.00 0.99 1.00 1.00 1.00 0.99 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 0.99 1.00 0.99 1.00 0.99 1.00
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.37: Simulation Results: 10000 documents, 1000 words in the vocabulary, 100 words
per document, β=0.9
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.88 1.00 0.78 0.99 0.60 1.00 0.44 0.97
0.05 0.50 0.91 1.00 0.84 0.99 0.90 1.00 0.82 0.99
0.05 0.90 0.93 1.00 0.87 0.99 0.93 1.00 0.87 0.99
0.10 0.10 0.92 1.00 0.86 0.99 0.78 1.00 0.64 0.96
0.10 0.50 0.93 1.00 0.87 0.99 0.93 1.00 0.87 0.99
0.10 0.90 0.93 1.00 0.87 0.99 0.93 1.00 0.87 0.99
0.50 0.10 0.93 0.93 0.93 0.93 0.93 0.93 0.93 0.93
0.50 0.50 0.93 0.93 0.93 0.93 0.93 0.93 0.93 0.93
0.50 0.90 0.93 0.93 0.93 0.93 0.93 0.93 0.93 0.93

Table K.38: Simulation Results: 10000 documents, 2500 words in the vocabulary, 10 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.65 0.99 0.49 0.97 0.25 0.78 0.15 0.96
0.05 0.50 0.65 0.98 0.49 0.97 0.59 0.90 0.44 0.97
0.05 0.90 0.67 0.95 0.52 0.97 0.66 0.93 0.52 0.97
0.10 0.10 0.69 0.98 0.53 0.95 0.43 0.81 0.29 0.92
0.10 0.50 0.69 0.98 0.54 0.95 0.67 0.90 0.53 0.95
0.10 0.90 0.69 0.96 0.54 0.95 0.69 0.94 0.54 0.95
0.50 0.10 0.76 0.76 0.76 0.76 0.77 0.77 0.77 0.77
0.50 0.50 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77
0.50 0.90 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77

Table K.39: Simulation Results: 10000 documents, 2500 words in the vocabulary, 10 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.52 0.97 0.36 0.97 0.21 0.50 0.14 0.95
0.05 0.50 0.53 0.97 0.37 0.97 0.47 0.80 0.33 0.96
0.05 0.90 0.56 0.93 0.40 0.97 0.55 0.88 0.40 0.97
0.10 0.10 0.56 0.91 0.41 0.94 0.34 0.59 0.24 0.91
0.10 0.50 0.59 0.97 0.42 0.94 0.56 0.82 0.42 0.93
0.10 0.90 0.59 0.92 0.43 0.94 0.58 0.90 0.43 0.94
0.50 0.10 0.70 0.70 0.70 0.70 0.70 0.71 0.70 0.71
0.50 0.50 0.72 0.72 0.72 0.72 0.72 0.72 0.72 0.72
0.50 0.90 0.72 0.72 0.71 0.72 0.72 0.72 0.72 0.72

Table K.40: Simulation Results: 10000 documents, 2500 words in the vocabulary, 10 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.41: Simulation Results: 10000 documents, 2500 words in the vocabulary, 50 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.97 1.00 0.94 1.00 0.90 1.00 0.83 0.99
0.05 0.50 0.98 1.00 0.97 1.00 0.98 1.00 0.97 1.00
0.05 0.90 0.99 1.00 0.98 1.00 0.99 1.00 0.98 1.00
0.10 0.10 0.98 1.00 0.97 1.00 0.96 1.00 0.92 0.99
0.10 0.50 0.99 1.00 0.98 1.00 0.99 1.00 0.98 1.00
0.10 0.90 0.99 1.00 0.98 1.00 0.99 1.00 0.98 1.00
0.50 0.10 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
0.50 0.50 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
0.50 0.90 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

Table K.42: Simulation Results: 10000 documents, 2500 words in the vocabulary, 50 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.94 0.99 0.89 0.99 0.82 0.99 0.70 0.98
0.05 0.50 0.96 1.00 0.92 1.00 0.95 0.99 0.91 1.00
0.05 0.90 0.96 0.99 0.94 1.00 0.96 0.99 0.94 1.00
0.10 0.10 0.95 0.98 0.93 0.99 0.90 0.98 0.83 0.98
0.10 0.50 0.97 0.99 0.95 0.99 0.97 0.99 0.95 0.99
0.10 0.90 0.97 0.99 0.95 0.99 0.97 0.99 0.95 0.99
0.50 0.10 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.50 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.90 0.97 0.97 0.98 0.97 0.97 0.97 0.97 0.97

Table K.43: Simulation Results: 10000 documents, 2500 words in the vocabulary, 50 words
per document, β=0.9
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 1.00 1.00 1.00 1.00 0.99 1.00 0.99 1.00
0.05 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.05 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.10 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.44: Simulation Results: 10000 documents, 2500 words in the vocabulary, 100 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.96 1.00 0.92 1.00 0.65 1.00 0.49 0.97
0.05 0.50 0.97 1.00 0.94 1.00 0.97 1.00 0.94 1.00
0.05 0.90 0.98 1.00 0.96 1.00 0.98 1.00 0.97 1.00
0.10 0.10 0.97 0.99 0.95 0.99 0.88 1.00 0.78 0.98
0.10 0.50 0.99 1.00 0.98 1.00 0.98 1.00 0.97 1.00
0.10 0.90 0.99 0.99 0.98 1.00 0.99 1.00 0.98 1.00
0.50 0.10 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
0.50 0.50 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
0.50 0.90 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

Table K.45: Simulation Results: 10000 documents, 2500 words in the vocabulary, 100 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.89 0.97 0.83 0.99 0.46 1.00 0.30 0.97
0.05 0.50 0.92 0.99 0.86 0.99 0.90 0.98 0.82 0.99
0.05 0.90 0.94 0.99 0.89 0.99 0.93 0.98 0.89 0.99
0.10 0.10 0.92 0.95 0.89 0.98 0.73 0.99 0.58 0.96
0.10 0.50 0.95 0.99 0.92 0.99 0.94 0.98 0.90 0.99
0.10 0.90 0.96 0.98 0.93 0.99 0.96 0.98 0.93 0.99
0.50 0.10 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96
0.50 0.50 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
0.50 0.90 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97

Table K.46: Simulation Results: 10000 documents, 2500 words in the vocabulary, 100 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.33 1.00 0.20 0.96 0.00 0.20 0.00 0.95
0.05 0.50 0.24 1.00 0.14 0.96 0.14 1.00 0.07 0.95
0.05 0.90 0.29 0.99 0.17 0.96 0.28 0.99 0.16 0.96
0.10 0.10 0.57 0.96 0.41 0.94 0.03 0.93 0.01 0.90
0.10 0.50 0.47 1.00 0.31 0.93 0.32 0.99 0.19 0.92
0.10 0.90 0.52 0.99 0.36 0.94 0.50 0.99 0.34 0.93
0.50 0.10 0.72 0.72 0.73 0.72 0.73 0.73 0.73 0.73
0.50 0.50 0.74 0.74 0.74 0.74 0.74 0.74 0.74 0.74
0.50 0.90 0.74 0.74 0.74 0.74 0.74 0.74 0.74 0.74

Table K.47: Simulation Results: 10000 documents, 5000 words in the vocabulary, 10 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.02 0.64 0.01 0.95 0.01 0.10 0.00 0.95
0.05 0.50 0.06 0.73 0.03 0.95 0.06 0.37 0.03 0.95
0.05 0.90 0.11 0.56 0.06 0.95 0.11 0.49 0.06 0.95
0.10 0.10 0.13 0.70 0.07 0.90 0.03 0.24 0.02 0.90
0.10 0.50 0.16 0.80 0.09 0.91 0.14 0.46 0.08 0.90
0.10 0.90 0.22 0.63 0.13 0.90 0.21 0.56 0.13 0.90
0.50 0.10 0.57 0.57 0.57 0.57 0.57 0.57 0.58 0.57
0.50 0.50 0.59 0.59 0.59 0.59 0.59 0.60 0.59 0.60
0.50 0.90 0.60 0.60 0.60 0.60 0.60 0.60 0.60 0.60

Table K.48: Simulation Results: 10000 documents, 5000 words in the vocabulary, 10 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.02 0.32 0.01 0.95 0.02 0.08 0.01 0.94
0.05 0.50 0.05 0.56 0.03 0.95 0.06 0.20 0.04 0.94
0.05 0.90 0.09 0.34 0.05 0.95 0.09 0.28 0.05 0.95
0.10 0.10 0.09 0.42 0.05 0.90 0.07 0.16 0.04 0.88
0.10 0.50 0.12 0.56 0.07 0.90 0.12 0.27 0.08 0.89
0.10 0.90 0.16 0.41 0.10 0.90 0.16 0.34 0.11 0.89
0.50 0.10 0.54 0.54 0.54 0.54 0.54 0.54 0.55 0.54
0.50 0.50 0.56 0.56 0.56 0.56 0.56 0.56 0.57 0.56
0.50 0.90 0.57 0.56 0.57 0.57 0.57 0.57 0.57 0.57

Table K.49: Simulation Results: 10000 documents, 5000 words in the vocabulary, 10 words
per document, β=0.9
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.90 1.00 0.81 0.99 0.03 0.71 0.02 0.95
0.05 0.50 0.90 1.00 0.81 0.99 0.79 1.00 0.66 0.98
0.05 0.90 0.91 1.00 0.83 0.99 0.91 1.00 0.83 0.99
0.10 0.10 0.95 1.00 0.90 0.99 0.29 1.00 0.17 0.92
0.10 0.50 0.94 1.00 0.90 0.99 0.92 1.00 0.85 0.99
0.10 0.90 0.96 1.00 0.93 0.99 0.97 1.00 0.93 0.99
0.50 0.10 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
0.50 0.50 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
0.50 0.90 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98

Table K.50: Simulation Results: 10000 documents, 5000 words in the vocabulary, 50 words
per document, β=0.1

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.43 0.89 0.28 0.96 0.01 0.43 0.01 0.95
0.05 0.50 0.52 0.97 0.36 0.97 0.36 0.95 0.22 0.96
0.05 0.90 0.56 0.95 0.40 0.97 0.54 0.93 0.38 0.97
0.10 0.10 0.56 0.75 0.45 0.93 0.08 0.91 0.04 0.90
0.10 0.50 0.70 0.94 0.56 0.95 0.58 0.91 0.43 0.94
0.10 0.90 0.72 0.92 0.59 0.95 0.70 0.90 0.58 0.95
0.50 0.10 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.78
0.50 0.50 0.83 0.83 0.83 0.83 0.83 0.83 0.83 0.83
0.50 0.90 0.83 0.83 0.83 0.83 0.83 0.83 0.83 0.83

Table K.51: Simulation Results: 10000 documents, 5000 words in the vocabulary, 50 words
per document, β=0.5
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.17 0.79 0.10 0.95 0.03 0.42 0.01 0.95
0.05 0.50 0.36 0.90 0.23 0.96 0.26 0.76 0.16 0.96
0.05 0.90 0.42 0.81 0.29 0.96 0.41 0.78 0.28 0.96
0.10 0.10 0.34 0.63 0.24 0.91 0.10 0.60 0.06 0.90
0.10 0.50 0.53 0.85 0.39 0.93 0.44 0.75 0.31 0.92
0.10 0.90 0.57 0.81 0.44 0.93 0.55 0.77 0.43 0.93
0.50 0.10 0.69 0.69 0.69 0.69 0.69 0.69 0.69 0.69
0.50 0.50 0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76
0.50 0.90 0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76

Table K.52: Simulation Results: 10000 documents, 5000 words in the vocabulary, 50 words
per document, β=0.9

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.99 1.00 0.97 1.00 0.24 1.00 0.14 0.96
0.05 0.50 0.99 1.00 0.97 1.00 0.98 1.00 0.97 1.00
0.05 0.90 0.99 1.00 0.98 1.00 0.99 1.00 0.99 1.00
0.10 0.10 0.99 1.00 0.99 1.00 0.77 1.00 0.64 0.96
0.10 0.50 0.99 1.00 0.99 1.00 1.00 1.00 0.99 1.00
0.10 0.90 1.00 1.00 0.99 1.00 1.00 1.00 1.00 1.00
0.50 0.10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.50 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
0.50 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table K.53: Simulation Results: 10000 documents, 5000 words in the vocabulary, 100 words
per document, β=0.1
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Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.78 0.94 0.67 0.98 0.03 0.75 0.02 0.95
0.05 0.50 0.81 0.99 0.69 0.98 0.69 0.99 0.53 0.98
0.05 0.90 0.83 0.99 0.72 0.99 0.83 0.99 0.71 0.99
0.10 0.10 0.82 0.88 0.77 0.97 0.23 1.00 0.13 0.91
0.10 0.50 0.88 0.98 0.81 0.98 0.84 0.98 0.74 0.97
0.10 0.90 0.90 0.98 0.84 0.98 0.90 0.97 0.84 0.98
0.50 0.10 0.92 0.92 0.91 0.92 0.91 0.91 0.91 0.91
0.50 0.50 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94
0.50 0.90 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94

Table K.54: Simulation Results: 10000 documents, 5000 words in the vocabulary, 100 words
per document, β=0.5

Prop. Prop. Active Passive (Random)
Positive Hand-label F1 precision recall accuracy F1 precision recall accuracy
0.05 0.10 0.56 0.81 0.43 0.97 0.04 0.79 0.02 0.95
0.05 0.50 0.67 0.97 0.52 0.98 0.51 0.95 0.35 0.97
0.05 0.90 0.70 0.95 0.55 0.98 0.68 0.94 0.54 0.98
0.10 0.10 0.64 0.75 0.55 0.94 0.18 0.94 0.10 0.91
0.10 0.50 0.79 0.94 0.68 0.96 0.71 0.92 0.58 0.95
0.10 0.90 0.80 0.93 0.71 0.97 0.80 0.92 0.70 0.96
0.50 0.10 0.83 0.83 0.83 0.83 0.82 0.82 0.82 0.82
0.50 0.50 0.89 0.89 0.89 0.89 0.88 0.88 0.89 0.88
0.50 0.90 0.89 0.88 0.89 0.89 0.89 0.89 0.89 0.89

Table K.55: Simulation Results: 10000 documents, 5000 words in the vocabulary, 100 words
per document, β=0.9
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