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1. 文本分类任务介绍

文本分类是NLP乃至整个人工智能领域中的基础核心任务之一。理
论上，分类问题也可能非常复杂，实际中，文本分类问题面对的往往是
定义相对明确的类别。文本分类被广泛应用于情感分析、垃圾邮件检测、
语言识别、以及图书主题分类等任务中。

1. 文本分类的基本方法
基于规则的方法：早期的文本分类方法依赖于专家手写的规则，这

种方法虽然在某些领域内可见成效，但随着数据和应用场景的变化，其
鲁棒性和适应性往往不足。

监督机器学习方法：当前最常用的文本分类方法是基于监督学习的
统计方法。通过构建包含大量标注实例（即（文本，类别）对）的训练
数据集，模型可以自动学习输入文本与输出类别之间的映射关系。该方
法不仅能够给出分类决策，还能在一定程度上计算出每个类别的后验概
率，为进一步决策提供支持。
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1. 文本分类任务介绍

2. 文本分类问题形式化
给定一个输入文本 d 以及预定义的类别集合 Y = {y1, y2, . . . , yM}，

目标是寻找一种映射，使得能够对新的文本 d 正确预测其所属类别
y ∈ Y。这种映射可以用概率模型来描述：

ĉ = arg max
c∈C

P(c|d)

其中 P(c|d) 表示在给定文本 d 的条件下，文本属于类别 c 的后验概率。
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1. 文本分类任务介绍

3. 监督机器学习方法中的生成模型与判别模型
生成模型：（如，朴素贝叶斯分类器）通过建立每个类别生成文本的

概率模型来进行分类，即假设文本是由某一类别生成的，然后选择使得
生成概率最大的类别。

判别模型：（如，逻辑回归）直接学习输入特征与类别之间的判别边
界，从而实现分类决策。虽然判别模型通常在准确率上更为优越，但生
成模型在某些情形下（如数据稀疏或需要生成新数据）仍然具有不可替
代的优势。
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2. 朴素贝叶斯分类器
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2. 朴素贝叶斯分类器

分类问题的形式化与贝叶斯推断

文本分类问题被形式化为：给定文档 d 以及预先定义的类别集合
C，目标是选择使后验概率 P(c|d) 最大的类别，即

ĉ = arg max
c∈C

P(c|d)

利用贝叶斯定理，后验概率可以分解为

P(c|d) = P(d|c)P(c)
P(d)

由于 P(d) 对所有类别均相同，故分类决策可以简化为

ĉ = arg max
c∈C

P(d|c)P(c) (1)

P(c) 表示类别的先验概率，P(d|c) 则反映了在类别 c 下生成文档 d
的可能性。
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2. 朴素贝叶斯分类器

生成模型与词袋假设

朴素贝叶斯是一种生成模型，其假设文档生成过程为：首先依据先
验概率 P(c) 选择一个类别，然后按照类别条件分布 P(d|c) 生成文档。

为了简化问题，采用词袋模型（bag-of-words）的表示文档，即忽略
词语的顺序，只关注各词在文档中出现的频率。这种表示方式将文档 d
转化为一组特征（通常为各个词的出现次数）。

58 CHAPTER 4 • NAIVE BAYES, TEXT CLASSIFICATION, AND SENTIMENT

how the features interact.
The intuition of the classifier is shown in Fig. 4.1. We represent a text document

as if it were a bag of words, that is, an unordered set of words with their positionbag of words

ignored, keeping only their frequency in the document. In the example in the figure,
instead of representing the word order in all the phrases like “I love this movie” and
“I would recommend it”, we simply note that the word I occurred 5 times in the
entire excerpt, the word it 6 times, the words love, recommend, and movie once, and
so on.
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Figure 4.1 Intuition of the multinomial naive Bayes classifier applied to a movie review. The position of the
words is ignored (the bag-of-words assumption) and we make use of the frequency of each word.

Naive Bayes is a probabilistic classifier, meaning that for a document d, out of
all classes c ∈C the classifier returns the class ĉ which has the maximum posterior
probability given the document. In Eq. 4.1 we use the hat notation ˆ to mean “ourˆ

estimate of the correct class”, and we use argmax to mean an operation that selectsargmax

the argument (in this case the class c) that maximizes a function (in this case the
probability P(c|d).

ĉ = argmax
c∈C

P(c|d) (4.1)

This idea of Bayesian inference has been known since the work of Bayes (1763),Bayesian
inference

and was first applied to text classification by Mosteller and Wallace (1964). The
intuition of Bayesian classification is to use Bayes’ rule to transform Eq. 4.1 into
other probabilities that have some useful properties. Bayes’ rule is presented in
Eq. 4.2; it gives us a way to break down any conditional probability P(x|y) into
three other probabilities:

P(x|y) = P(y|x)P(x)
P(y)

(4.2)
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2. 朴素贝叶斯分类器

条件独立性假设

在词袋模型的基础上，朴素贝叶斯进一步引入了条件独立性假设：
在给定类别 c 的条件下，文档d中各个词（特征）是相互独立的：

P(w1,w2, . . . ,wn|c) =
n∏

i=1

P(wi|c)

这一定理化假设虽然在实际中不完全成立，但极大地简化了参数估
计和计算过程，模型在许多文本分类任务中依然能取得较好的效果，将
上式带入 (1)式，得到朴素贝叶斯文本分类决策：

ĉ = arg max
c∈C

P(c)
n∏

i=1

P(wi|c) (2)
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2. 朴素贝叶斯分类器

对数空间计算与线性分类器的实现

为避免直接计算乘积时可能出现的数值下溢问题，同时加快计算速
度，常在对数空间内进行计算。此时，朴素贝叶斯分类决策公式可写为：

ĉ = arg max
c∈C

(
log P(c) +

∑
i

log P(wi|c)
)

这种对数转换使得最终的分类决策转化为输入特征的线性组合，从
而使得朴素贝叶斯也被归类为一种线性分类器。
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2. 朴素贝叶斯分类器

朴素贝叶斯分类器的变体

朴素贝叶斯文本分类器做了2个简化假设：词袋模型和条件独立假
设。此外，朴素贝叶斯文本分类器对文档生成过程的假设还可以细分为：

- 多项式朴素贝叶斯：对于选定的类别c，抛掷一个多面体骰子n次，
文档中包含n个词，每次生成文档中的一个词，多面体的每个面对应词
典中的一个词；

- 多变量伯努利朴素贝叶斯：对于选定的类别c，抛掷|V|次硬币
（|V|个硬币每个抛掷一次），正面朝上表示该硬币对应的词语出现在文档
中。其中，|V|表示词典中词语的个数，对应|V|个不均匀硬币；
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3. 训练朴素贝叶斯文本分类器
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3. 训练朴素贝叶斯文本分类器

朴素贝叶斯分类器参数估计

利用训练数据来估计模型中的两个核心概率：类别先验概率 P(c)
以及条件概率 P(w|c)（这里 w 表示文档中出现的词语）。

1. 最大似然估计（Maximum Likelihood Estimation）
类别先验概率的估计：对于每个类别 c，先验概率 P(c) 被定义为该

类别在训练数据中出现的比例。设 Nc 表示类别 c 的文档数量，Ndoc 表
示总文档数，则有

P̂(c) = Nc
Ndoc

条件概率的估计：针对每个词 wi 在类别 c 下的条件概率 P(wi|c)，
采用的方法是将所有属于类别 c 的文档“拼接”成一个大文档，然后计
算词 wi 出现的频次在该大文档中所占的比例，即

P̂(wi|c) =
count(wi, c)∑

w∈V count(w, c)

其中，词汇表 V为所有类别中出现过的词的集合，而非单一类别中的词。
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3. 训练朴素贝叶斯文本分类器

零概率问题与平滑处理

1. 零概率问题
由于训练数据中可能存在某个词在某一类别下从未出现，直接采用

最大似然估计会导致对应的 P(w|c) 为零。而朴素贝叶斯分类器在计算
文档整体似然时需要将各个词的概率相乘，若其中任一项为零，将导致
整个文档的概率为零，从而影响分类结果。

2. 加一平滑（Laplace Smoothing）
为解决上述问题，采用加一平滑方法，即在每个词的计数上加1，得

到调整后的估计公式：

P̂(wi|c) =
count(wi, c) + 1∑

w∈V(count(w, c) + 1)
=

count(wi, c) + 1(∑
w∈V count(w, c)

)
+ |V|

这种平滑方法能够有效避免零概率现象，确保即使某个词在某个类别中
未出现，其概率也不为零。
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3. 训练朴素贝叶斯文本分类器

未知词与停用词的处理

1. 未知词
对于测试数据中出现但在训练数据中完全未出现的词汇，解决办法

是将其忽略，不纳入概率计算中。这是因为这部分词汇无法提供任何关
于类别的信息。

2. 停用词的处理
一些应用可能会选择忽略非常频繁的词（如“the”、“a”等停用

词），方法是从训练数据中按照词频选取前10–100个高频词并予以删除。
然而，在大多数文本分类应用中，不使用停用词列表（即保留整个词汇
表）往往能获得更好的性能。
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3. 训练朴素贝叶斯文本分类器

朴素贝叶斯文本分类器算法流程62 CHAPTER 4 • NAIVE BAYES, TEXT CLASSIFICATION, AND SENTIMENT

function TRAIN NAIVE BAYES(D, C) returns V, log P(c), log P(w|c)

for each class c ∈ C # Calculate P(c) terms
Ndoc = number of documents in D
Nc = number of documents from D in class c

logprior[c]← log
Nc

Ndoc
V←vocabulary of D
bigdoc[c]←append(d) for d ∈ D with class c
for each word w in V # Calculate P(w|c) terms

count(w,c)←# of occurrences of w in bigdoc[c]

loglikelihood[w,c]← log
count(w,c) + 1∑

w′ in V (count (w′,c) + 1)
return logprior, loglikelihood, V

function TEST NAIVE BAYES(testdoc, logprior, loglikelihood, C, V) returns best c

for each class c ∈ C
sum[c]← logprior[c]
for each position i in testdoc

word← testdoc[i]
if word ∈ V

sum[c]←sum[c]+ loglikelihood[word,c]
return argmaxc sum[c]

Figure 4.2 The naive Bayes algorithm, using add-1 smoothing. To use add-α smoothing
instead, change the +1 to +α for loglikelihood counts in training.

“fun”, are as follows, from Eq. 4.14 (computing the probabilities for the remainder
of the words in the training set is left as an exercise for the reader):

P(“predictable”|−) = 1+1
14+20

P(“predictable”|+) =
0+1

9+20

P(“no”|−) = 1+1
14+20

P(“no”|+) =
0+1

9+20

P(“fun”|−) = 0+1
14+20

P(“fun”|+) =
1+1

9+20

For the test sentence S = “predictable with no fun”, after removing the word ‘with’,
the chosen class, via Eq. 4.9, is therefore computed as follows:

P(−)P(S|−) =
3
5
× 2×2×1

343 = 6.1×10−5

P(+)P(S|+) =
2
5
× 1×1×2

293 = 3.2×10−5

The model thus predicts the class negative for the test sentence.

4.4 Optimizing for Sentiment Analysis

While standard naive Bayes text classification can work well for sentiment analysis,
some small changes are generally employed that improve performance.
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目录

1 文本分类任务介绍

2 朴素贝叶斯分类器

3 训练朴素贝叶斯文本分类器

4 朴素贝叶斯文本分类实例

5 文本分类系统的性能评估方法

6 测试集和交叉验证

7 统计显著性检验

zjzhang (HZNU) 文本挖掘 2025-02-01 18 / 36



4. 朴素贝叶斯文本分类实例

以情感分析为背景，利用一个极简化的训练集和测试集说明模型参
数估计和通过概率计算进行分类决策的过程。

4.3 • WORKED EXAMPLE 61

But since naive Bayes naively multiplies all the feature likelihoods together, zero
probabilities in the likelihood term for any class will cause the probability of the
class to be zero, no matter the other evidence!

The simplest solution is the add-one (Laplace) smoothing introduced in Chap-
ter 3. While Laplace smoothing is usually replaced by more sophisticated smoothing
algorithms in language modeling, it is commonly used in naive Bayes text catego-
rization:

P̂(wi|c) =
count(wi,c)+1∑

w∈V (count(w,c)+1)
=

count(wi,c)+1(∑
w∈V count(w,c)

)
+ |V | (4.14)

Note once again that it is crucial that the vocabulary V consists of the union of all the
word types in all classes, not just the words in one class c (try to convince yourself
why this must be true; see the exercise at the end of the chapter).

What do we do about words that occur in our test data but are not in our vocab-
ulary at all because they did not occur in any training document in any class? The
solution for such unknown words is to ignore them—remove them from the testunknown word

document and not include any probability for them at all.
Finally, some systems choose to completely ignore another class of words: stop

words, very frequent words like the and a. This can be done by sorting the vocabu-stop words

lary by frequency in the training set, and defining the top 10–100 vocabulary entries
as stop words, or alternatively by using one of the many predefined stop word lists
available online. Then each instance of these stop words is simply removed from
both training and test documents as if it had never occurred. In most text classifica-
tion applications, however, using a stop word list doesn’t improve performance, and
so it is more common to make use of the entire vocabulary and not use a stop word
list.

Fig. 4.2 shows the final algorithm.

4.3 Worked example

Let’s walk through an example of training and testing naive Bayes with add-one
smoothing. We’ll use a sentiment analysis domain with the two classes positive
(+) and negative (-), and take the following miniature training and test documents
simplified from actual movie reviews.

Cat Documents
Training - just plain boring

- entirely predictable and lacks energy
- no surprises and very few laughs
+ very powerful
+ the most fun film of the summer

Test ? predictable with no fun

The prior P(c) for the two classes is computed via Eq. 4.11 as Nc
Ndoc

:

P(−) = 3
5

P(+) =
2
5

The word with doesn’t occur in the training set, so we drop it completely (as
mentioned above, we don’t use unknown word models for naive Bayes). The like-
lihoods from the training set for the remaining three words “predictable”, “no”, and

1. 计算类别先验概率
根据训练数据，利用公式

ˆP(c) = Nc
Ndoc

计算出负面类别的先验概率 P(−) = 3
5 与正面类别的先验概率 P(+) = 2

5
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4. 朴素贝叶斯文本分类实例

2. 条件概率的估计与加一平滑
- 为估计每个词在各类别下的条件概率 P(wi|c)，将属于同一类别的

所有文档合并成一个“大文档”，计算词频。

- 考虑到某些词在训练数据中可能未出现（例如在正面类中
“predictable”和“no”均未出现），直接使用最大似然估计会导致概率
为零，从而影响整体文档概率的计算。

- 因此，引入加一平滑方法，修正条件概率的估计公式为

P̂(wi|c) =
count(wi, c) + 1∑

w∈V count(w, c) + |V|

62 CHAPTER 4 • NAIVE BAYES, TEXT CLASSIFICATION, AND SENTIMENT

function TRAIN NAIVE BAYES(D, C) returns V, log P(c), log P(w|c)

for each class c ∈ C # Calculate P(c) terms
Ndoc = number of documents in D
Nc = number of documents from D in class c

logprior[c]← log
Nc

Ndoc
V←vocabulary of D
bigdoc[c]←append(d) for d ∈ D with class c
for each word w in V # Calculate P(w|c) terms

count(w,c)←# of occurrences of w in bigdoc[c]

loglikelihood[w,c]← log
count(w,c) + 1∑

w′ in V (count (w′,c) + 1)
return logprior, loglikelihood, V

function TEST NAIVE BAYES(testdoc, logprior, loglikelihood, C, V) returns best c

for each class c ∈ C
sum[c]← logprior[c]
for each position i in testdoc

word← testdoc[i]
if word ∈ V

sum[c]←sum[c]+ loglikelihood[word,c]
return argmaxc sum[c]

Figure 4.2 The naive Bayes algorithm, using add-1 smoothing. To use add-α smoothing
instead, change the +1 to +α for loglikelihood counts in training.

“fun”, are as follows, from Eq. 4.14 (computing the probabilities for the remainder
of the words in the training set is left as an exercise for the reader):

P(“predictable”|−) = 1+1
14+20

P(“predictable”|+) =
0+1

9+20

P(“no”|−) = 1+1
14+20

P(“no”|+) =
0+1

9+20

P(“fun”|−) = 0+1
14+20

P(“fun”|+) =
1+1

9+20

For the test sentence S = “predictable with no fun”, after removing the word ‘with’,
the chosen class, via Eq. 4.9, is therefore computed as follows:

P(−)P(S|−) =
3
5
× 2×2×1

343 = 6.1×10−5

P(+)P(S|+) =
2
5
× 1×1×2

293 = 3.2×10−5

The model thus predicts the class negative for the test sentence.

4.4 Optimizing for Sentiment Analysis

While standard naive Bayes text classification can work well for sentiment analysis,
some small changes are generally employed that improve performance.
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4. 朴素贝叶斯文本分类实例

3. 测试阶段及分类决策
测试句子为“predictable with no fun”。首先，未知词“with”因未

在训练数据中出现被忽略；然后，仅对“predictable”、“no”和“fun”
进行概率计算。利用朴素贝叶斯分类公式

ĉ = arg max
c∈C

P(c)
∏
wi∈d

P(wi|c)

分别计算两个类别的联合概率：

62 CHAPTER 4 • NAIVE BAYES, TEXT CLASSIFICATION, AND SENTIMENT

function TRAIN NAIVE BAYES(D, C) returns V, log P(c), log P(w|c)

for each class c ∈ C # Calculate P(c) terms
Ndoc = number of documents in D
Nc = number of documents from D in class c

logprior[c]← log
Nc

Ndoc
V←vocabulary of D
bigdoc[c]←append(d) for d ∈ D with class c
for each word w in V # Calculate P(w|c) terms

count(w,c)←# of occurrences of w in bigdoc[c]

loglikelihood[w,c]← log
count(w,c) + 1∑

w′ in V (count (w′,c) + 1)
return logprior, loglikelihood, V

function TEST NAIVE BAYES(testdoc, logprior, loglikelihood, C, V) returns best c

for each class c ∈ C
sum[c]← logprior[c]
for each position i in testdoc

word← testdoc[i]
if word ∈ V

sum[c]←sum[c]+ loglikelihood[word,c]
return argmaxc sum[c]

Figure 4.2 The naive Bayes algorithm, using add-1 smoothing. To use add-α smoothing
instead, change the +1 to +α for loglikelihood counts in training.

“fun”, are as follows, from Eq. 4.14 (computing the probabilities for the remainder
of the words in the training set is left as an exercise for the reader):

P(“predictable”|−) = 1+1
14+20

P(“predictable”|+) =
0+1

9+20

P(“no”|−) = 1+1
14+20

P(“no”|+) =
0+1

9+20

P(“fun”|−) = 0+1
14+20

P(“fun”|+) =
1+1

9+20

For the test sentence S = “predictable with no fun”, after removing the word ‘with’,
the chosen class, via Eq. 4.9, is therefore computed as follows:

P(−)P(S|−) =
3
5
× 2×2×1

343 = 6.1×10−5

P(+)P(S|+) =
2
5
× 1×1×2

293 = 3.2×10−5

The model thus predicts the class negative for the test sentence.

4.4 Optimizing for Sentiment Analysis

While standard naive Bayes text classification can work well for sentiment analysis,
some small changes are generally employed that improve performance.

由于负面类别的概率较高，因此模型最终将测试句子判定为负面情感。
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目录

1 文本分类任务介绍

2 朴素贝叶斯分类器

3 训练朴素贝叶斯文本分类器

4 朴素贝叶斯文本分类实例

5 文本分类系统的性能评估方法

6 测试集和交叉验证

7 统计显著性检验

zjzhang (HZNU) 文本挖掘 2025-02-01 22 / 36



5. 文本分类系统的性能评估方法

混淆矩阵

评估文本分类系统时，通常利用混淆矩阵将系统输出与人类标注的
“金标准”标签进行比较。混淆矩阵的四个基本单元包括：

- 真正例（True Positives, TP）：系统正确预测为正例的样本；
- 假正例（False Positives, FP）：系统错误预测为正例的样本；
- 真负例（True Negatives, TN）：系统正确预测为负例的样本；
- 假负例（False Negatives, FN）：系统错误预测为负例的样本；4.7 • EVALUATION: PRECISION, RECALL, F-MEASURE 67

true positive

false negative

false positive

true negative

gold positive gold negative
system
positive
system

negative

gold standard labels

system
output
labels

recall = 
tp

tp+fn

precision = 
tp

tp+fp

accuracy = 
tp+tn

tp+fp+tn+fn

Figure 4.4 A confusion matrix for visualizing how well a binary classification system per-
forms against gold standard labels.

That’s why instead of accuracy we generally turn to two other metrics shown in
Fig. 4.4: precision and recall. Precision measures the percentage of the items thatprecision

the system detected (i.e., the system labeled as positive) that are in fact positive (i.e.,
are positive according to the human gold labels). Precision is defined as

Precision =
true positives

true positives + false positives

Recall measures the percentage of items actually present in the input that wererecall

correctly identified by the system. Recall is defined as

Recall =
true positives

true positives + false negatives

Precision and recall will help solve the problem with the useless “nothing is
pie” classifier. This classifier, despite having a fabulous accuracy of 99.99%, has
a terrible recall of 0 (since there are no true positives, and 100 false negatives, the
recall is 0/100). You should convince yourself that the precision at finding relevant
tweets is equally problematic. Thus precision and recall, unlike accuracy, emphasize
true positives: finding the things that we are supposed to be looking for.

There are many ways to define a single metric that incorporates aspects of both
precision and recall. The simplest of these combinations is the F-measure (vanF-measure

Rijsbergen, 1975) , defined as:

Fβ =
(β 2 +1)PR

β 2P+R

The β parameter differentially weights the importance of recall and precision,
based perhaps on the needs of an application. Values of β > 1 favor recall, while
values of β < 1 favor precision. When β = 1, precision and recall are equally bal-
anced; this is the most frequently used metric, and is called Fβ=1 or just F1:F1

F1 =
2PR

P+R
(4.16)

F-measure comes from a weighted harmonic mean of precision and recall. The
harmonic mean of a set of numbers is the reciprocal of the arithmetic mean of recip-
rocals:

HarmonicMean(a1,a2,a3,a4, ...,an) =
n

1
a1
+ 1

a2
+ 1

a3
+ ...+ 1

an

(4.17)
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5. 文本分类系统的性能评估方法

准确率、精确率与召回率

准确率（Accuracy）：表示所有预测正确的样本比例：

Accuracy =
TP + TN

TP + FP + TN + FN

精确率（Precision）：表示系统预测为正例的样本中，实际为正例的
比例：

Precision =
TP

TP + FP

召回率（Recall）：表示实际正例中被系统正确检测出来的比例：

Recall = TP
TP + FN

注意：在类别分布不均衡的情况下，准确率可能会产生误导性结果，
因此更常用精确率和召回率来衡量分类系统对目标类别的识别效果。
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5. 文本分类系统的性能评估方法

F值（F-measure）：精确率与召回率的调和平均

为了同时考虑精确率和召回率，引入F值，其基本形式为：

Fβ =
(β2 + 1)PR
β2P + R

其中，参数 β 用于平衡召回率与精确率的重要性；当 β = 1 时，即精确
率和召回率同等重要，得到常用的F1分数：

F1 =
2PR

P + R

采用调和平均的原因在于：其更倾向于 (接近)较小的那一项，因此
能够有效反映系统在较弱指标上的不足，从而给出一个较为保守的综合
性能评估。当 β > 1 时，更强调召回率，反之，更强调精确率。
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5. 文本分类系统的性能评估方法

多类别情形下的评估方法

扩展到多类别分类：虽然前述讨论主要针对二分类任务，但在实际
中，文本分类常涉及多类别问题（如邮件分类中的紧急、正常与垃圾）。

68 CHAPTER 4 • NAIVE BAYES, TEXT CLASSIFICATION, AND SENTIMENT

and hence F-measure is

F =
1

α
1
P +(1−α) 1

R

or
(

with β
2 =

1−α

α

)
F =

(β 2 +1)PR
β 2P+R

(4.18)

Harmonic mean is used because the harmonic mean of two values is closer to the
minimum of the two values than the arithmetic mean is. Thus it weighs the lower of
the two numbers more heavily, which is more conservative in this situation.

4.7.1 Evaluating with more than two classes

Up to now we have been describing text classification tasks with only two classes.
But lots of classification tasks in language processing have more than two classes.
For sentiment analysis we generally have 3 classes (positive, negative, neutral) and
even more classes are common for tasks like part-of-speech tagging, word sense
disambiguation, semantic role labeling, emotion detection, and so on. Luckily the
naive Bayes algorithm is already a multi-class classification algorithm.

8
5

10
60

urgent normal
gold labels

system
output

recallu = 
8

8+5+3

precisionu= 
8

8+10+11
50

30 200

spam

urgent

normal

spam 3
recalln = recalls = 

precisionn= 
60

5+60+50

precisions= 
200

3+30+200

60
10+60+30

200
1+50+200

Figure 4.5 Confusion matrix for a three-class categorization task, showing for each pair of
classes (c1,c2), how many documents from c1 were (in)correctly assigned to c2.

But we’ll need to slightly modify our definitions of precision and recall. Con-
sider the sample confusion matrix for a hypothetical 3-way one-of email catego-
rization decision (urgent, normal, spam) shown in Fig. 4.5. The matrix shows, for
example, that the system mistakenly labeled one spam document as urgent, and we
have shown how to compute a distinct precision and recall value for each class. In
order to derive a single metric that tells us how well the system is doing, we can com-
bine these values in two ways. In macroaveraging, we compute the performancemacroaveraging

for each class, and then average over classes. In microaveraging, we collect the de-microaveraging

cisions for all classes into a single confusion matrix, and then compute precision and
recall from that table. Fig. 4.6 shows the confusion matrix for each class separately,
and shows the computation of microaveraged and macroaveraged precision.

As the figure shows, a microaverage is dominated by the more frequent class (in
this case spam), since the counts are pooled. The macroaverage better reflects the
statistics of the smaller classes, and so is more appropriate when performance on all
the classes is equally important.
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5. 文本分类系统的性能评估方法

宏平均与微平均：反映系统整体性能的单一指标

宏平均（Macroaveraging）：分别计算每个类别的精确率和召回率，
再取平均。这种方法对各类别一视同仁，能较好地反映少数类别的表现。
对不同类别施加不同权重 (如，按照测试集中各类别的样本数进行加
权)可计算得到加权宏平均。
微平均（Microaveraging）：将所有类别的混淆矩阵合并后，基于总

体的TP、FP、FN计算精确率和召回率，更易受到频数较多类别的影响。4.8 • TEST SETS AND CROSS-VALIDATION 69

8
8

11
340

true
urgent

true
not

system
urgent

system
not

60
40

55
212

true
normal

true
not

system
normal
system

not

200
51

33
83

true
spam

true
not

system
spam

system
not

268
99

99
635

true
yes

true
no

system
yes

system
no
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Figure 4.6 Separate confusion matrices for the 3 classes from the previous figure, showing the pooled confu-
sion matrix and the microaveraged and macroaveraged precision.

4.8 Test sets and Cross-validation

The training and testing procedure for text classification follows what we saw with
language modeling (Section 3.2): we use the training set to train the model, then use
the development test set (also called a devset) to perhaps tune some parameters,development

test set
devset and in general decide what the best model is. Once we come up with what we think

is the best model, we run it on the (hitherto unseen) test set to report its performance.
While the use of a devset avoids overfitting the test set, having a fixed train-

ing set, devset, and test set creates another problem: in order to save lots of data
for training, the test set (or devset) might not be large enough to be representative.
Wouldn’t it be better if we could somehow use all our data for training and still use
all our data for test? We can do this by cross-validation.cross-validation

In cross-validation, we choose a number k, and partition our data into k disjoint
subsets called folds. Now we choose one of those k folds as a test set, train ourfolds

classifier on the remaining k− 1 folds, and then compute the error rate on the test
set. Then we repeat with another fold as the test set, again training on the other k−1
folds. We do this sampling process k times and average the test set error rate from
these k runs to get an average error rate. If we choose k = 10, we would train 10
different models (each on 90% of our data), test the model 10 times, and average
these 10 values. This is called 10-fold cross-validation.10-fold

cross-validation
The only problem with cross-validation is that because all the data is used for

testing, we need the whole corpus to be blind; we can’t examine any of the data
to suggest possible features and in general see what’s going on, because we’d be
peeking at the test set, and such cheating would cause us to overestimate the perfor-
mance of our system. However, looking at the corpus to understand what’s going
on is important in designing NLP systems! What to do? For this reason, it is com-
mon to create a fixed training set and test set, then do 10-fold cross-validation inside
the training set, but compute error rate the normal way in the test set, as shown in
Fig. 4.7.
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6. 测试集和交叉验证

1. 固定数据集划分及其局限性
在传统的训练与测试流程中，通常将数据划分为训练集、开发集

（dev set）和测试集。训练集用于模型参数的学习，开发集用于调参和模
型选择，而测试集则用于评估最终模型的性能。然而，为了节省训练数
据，固定的测试集或开发集往往较小，可能不足以代表整个数据分布，
从而使得评估结果存在偏差。

2. 交叉验证的原理与流程
为解决测试集代表性不足的问题，引入交叉验证（cross-validation）

方法。其基本思想是将全部数据划分为 k 个互不重叠的子集（folds），
然后依次将每一个子集作为测试集，其余 k−1 个子集用来训练模型。经
过 k 次这种“轮换”过程后，可以计算 k 个测试集上的错误率，并对其
进行平均，以获得一个更稳定、可靠的性能估计。

这种方法充分利用了所有数据，使得每个样本都有机会被用作测试
数据，从而减少了因测试集样本不足而带来的评估偏差。
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6. 测试集和交叉验证

在交叉验证过程中，因为所有数据都被用作了测试，容易出现“窥
视”测试集的风险，从而可能高估模型性能。

常见的做法是：首先固定划分出训练集和测试集，在训练集内部采
用如10折交叉验证的方法进行参数调优和模型选择，最后再利用固定的
测试集来评估模型的最终性能。

70 CHAPTER 4 • NAIVE BAYES, TEXT CLASSIFICATION, AND SENTIMENT
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Figure 4.7 10-fold cross-validation

4.9 Statistical Significance Testing

In building systems we often need to compare the performance of two systems. How
can we know if the new system we just built is better than our old one? Or better
than some other system described in the literature? This is the domain of statistical
hypothesis testing, and in this section we introduce tests for statistical significance
for NLP classifiers, drawing especially on the work of Dror et al. (2020) and Berg-
Kirkpatrick et al. (2012).

Suppose we’re comparing the performance of classifiers A and B on a metric M
such as F1, or accuracy. Perhaps we want to know if our logistic regression senti-
ment classifier A (Chapter 5) gets a higher F1 score than our naive Bayes sentiment
classifier B on a particular test set x. Let’s call M(A,x) the score that system A gets
on test set x, and δ (x) the performance difference between A and B on x:

δ (x) = M(A,x)−M(B,x) (4.19)

We would like to know if δ (x) > 0, meaning that our logistic regression classifier
has a higher F1 than our naive Bayes classifier on x. δ (x) is called the effect size; aeffect size

bigger δ means that A seems to be way better than B; a small δ means A seems to
be only a little better.

Why don’t we just check if δ (x) is positive? Suppose we do, and we find that
the F1 score of A is higher than B’s by .04. Can we be certain that A is better? We
cannot! That’s because A might just be accidentally better than B on this particular x.
We need something more: we want to know if A’s superiority over B is likely to hold
again if we checked another test set x′, or under some other set of circumstances.

In the paradigm of statistical hypothesis testing, we test this by formalizing two
hypotheses.

H0 : δ (x)≤ 0
H1 : δ (x)> 0 (4.20)

The hypothesis H0, called the null hypothesis, supposes that δ (x) is actually nega-null hypothesis

tive or zero, meaning that A is not better than B. We would like to know if we can
confidently rule out this hypothesis, and instead support H1, that A is better.

We do this by creating a random variable X ranging over all test sets. Now we
ask how likely is it, if the null hypothesis H0 was correct, that among these test sets
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7. 统计显著性检验

利用统计显著性检验来判断两个分类系统（例如朴素贝叶斯与其他
分类器）的性能差异是否足够大，从而排除偶然因素的影响。

1. 效果差异的量化与假设检验框架：为比较两个系统（例如系
统A和系统B）在某一性能指标（如F1分数或准确率）上的表现，首先定
义效果差异为：

δ(x) = M(A, x)− M(B, x)
其中，M(A, x)和M(B, x)分别表示系统A和B在测试集x上的评分。基于这
一差异，构造统计假设：

- 原假设H0：δ(x) ≤ 0，即系统A不优于系统B；
- 备择假设H1：δ(x) > 0，即系统A确实优于系统B。
2. p值的定义与意义：p值表示在原假设成立的前提下，在测试

集X上观察到当前或更大效果差异（提升）的概率。即：
p-value(x) = P(δ(X) ≥ δ(x) | H0成立)

X表示一个随机变量，它的取值范围是所有可能的测试集。如果p值非常
小（通常阈值设定为0.05或0.01），则可以认为观察到的差异极不可能仅
由随机抽样引起，从而拒绝原假设，支持系统A优于系统B的结论。
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7. 统计显著性检验

p值的含义

p值是基于原假设成立时，观察到当前或更极端数据的概率。当p值
非常小（如小于0.05或0.01）时，认为在原假设为真的情况下，出现这
种结果的概率极低，从而有理由怀疑原假设，进而接受备择假设。

原假设背景：在进行假设检验时，首先设定一个“原假设”（H0），
比如说“系统A不优于系统B”。这意味着，假设没有真实差异，所有的
观察差异都是由于随机波动产生的。

p值的定义：p值表示的是在原假设成立的前提下，会观察到像目前
这样（或更极端）的数据的概率。

如何解读p值：
- 如果计算p值得到 0.03，这意味着如“系统A不优于系统B”，观测

到当前（甚至更好）差异的概率只有3%，非常低，因此更相信系统A确
实优于系统B，拒绝原假设。

- 如果计算p值为0.20，意味着在“系统A不优于系统B”的前提下，
观察到这种差异的概率高达20%，这不算小，因此没有足够证据拒绝原
假设，不能确定A一定更强。
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7. 统计显著性检验

3. 非参数检验方法在NLP中的应用：由于在NLP任务中，很难满足
诸如正态分布等参数检验的前提条件，因此建议使用基于抽样的非参数
检验方法。

常用的非参数检验方法包括近似随机化和引导法（bootstrap test），
其中，引导法的配对版本较为常用，因为它利用了在同一测试集上两个
系统的配对比较信息。

4. 引导法配对版本的具体实现
¬ 抽样过程：假设测试集包含10个文档，并给出系统A与系统B在每

个文档上的分类结果。为了构造大量的“虚拟”测试集x(i)，采用有放回
抽样的方法，从原测试集中随机抽取n个样本，重复进行b次，从而得
到b个虚拟测试集；

­ 效果差异的再计算：对每一个虚拟测试集x(i)，计算效果差
异δ(x(i))。；

® p值的计算：为了衡量观察到的δ(x)有多“惊人”，计算满足
δ(x(i)) ≥ 2δ(x)

的虚拟测试集的比例，该比例即作为一侧的经验p值。
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δ (x(i)) exceeds the expected value of δ (x) by δ (x) or more:

p-value(x) =
1
b

b∑

i=1

1

(
δ (x(i))−δ (x)≥ δ (x)

)

=
1
b

b∑

i=1

1

(
δ (x(i))≥ 2δ (x)

)
(4.22)

So if for example we have 10,000 test sets x(i) and a threshold of .01, and in only 47
of the test sets do we find that A is accidentally better δ (x(i))≥ 2δ (x), the resulting
p-value of .0047 is smaller than .01, indicating that the delta we found, δ (x) is indeed
sufficiently surprising and unlikely to have happened by accident, and we can reject
the null hypothesis and conclude A is better than B.

function BOOTSTRAP(test set x, num of samples b) returns p-value(x)

Calculate δ (x) # how much better does algorithm A do than B on x
s = 0
for i = 1 to b do

for j = 1 to n do # Draw a bootstrap sample x(i) of size n
Select a member of x at random and add it to x(i)

Calculate δ (x(i)) # how much better does algorithm A do than B on x(i)

s←s + 1 if δ (x(i)) ≥ 2δ (x)
p-value(x) ≈ s

b # on what % of the b samples did algorithm A beat expectations?
return p-value(x) # if very few did, our observed δ is probably not accidental

Figure 4.9 A version of the paired bootstrap algorithm after Berg-Kirkpatrick et al. (2012).

The full algorithm for the bootstrap is shown in Fig. 4.9. It is given a test set x, a
number of samples b, and counts the percentage of the b bootstrap test sets in which
δ (x∗(i))> 2δ (x). This percentage then acts as a one-sided empirical p-value.

4.10 Avoiding Harms in Classification

It is important to avoid harms that may result from classifiers, harms that exist both
for naive Bayes classifiers and for the other classification algorithms we introduce
in later chapters.

One class of harms is representational harms (Crawford 2017, Blodgett et al.representational
harms

2020), harms caused by a system that demeans a social group, for example by per-
petuating negative stereotypes about them. For example Kiritchenko and Moham-
mad (2018) examined the performance of 200 sentiment analysis systems on pairs of
sentences that were identical except for containing either a common African Amer-
ican first name (like Shaniqua) or a common European American first name (like
Stephanie), chosen from the Caliskan et al. (2017) study discussed in Chapter 6.
They found that most systems assigned lower sentiment and more negative emotion
to sentences with African American names, reflecting and perpetuating stereotypes
that associate African Americans with negative emotions (Popp et al., 2003).

In other tasks classifiers may lead to both representational harms and other
harms, such as silencing. For example the important text classification task of tox-
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THE END
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