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ABSTRACT
Billions of people are using smartphones everyday and they of-
ten face problems and troubles with both the hardware as well
as the software. Such problems lead to frustrated users and low
customer satisfaction. Developing an automatic machine learning-
based solution that would detect that the user has a problem and
would engage in troubleshooting has the potential to significantly
improve customer satisfaction and retention. Here, we design and
implement a system that based on the user’s smartphone activity
detects that the user has a problem and requires help. Our system
automatically detects a user has a problem and then helps with the
troubleshooting by recommending possible solutions to the identi-
fied problem. We train our system based on large-scale customer
support center data and show that it can both detect that a user has
a problem as well as predict the category of the problem (89.7% ac-
curacy) and quickly provide a solution (in 10.4ms). Our system has
been deployed in commercial service since January, 2019. Online
evaluation result showed that machine learning based approach
outperforms the existing method by approximately 30% regarding
the user problem solving rate.
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Figure 1: Assumed behavior of a user. If a user has a prob-
lem, the user is moving between different apps to try to fix
the problem. Then, if the user cannot solve the problem, the
user will call the customer support. Thus, we can exploit the
customer support log as ground truth for the smartphone
usage log.

1 INTRODUCTION
As smartphones become more sophisticated, the number of users
who have a problem with smartphone operation is increasing. Thus,
call center operations become considerably busy. The numbers of
inquiries are more than a few millions per month in the case of
Japanese cellular operators1. Call center staff guides users in a step-
by-step procedure of resolving problems based on the categories of
inquiry. Therefore, it is important and useful to automatically detect
whether a user has problems or not based on the operation history
of the user’s smartphone and provide operation troubleshooting
according to the content of each problem.

Developing an automatic user problem detection and troubleshoot-
ing recommendation is beneficial for both users and mobile opera-
tors. In the case of users, a user can conveniently use a smartphone
by themself by requesting for automatic user support. In the case
of mobile operators, automatic user assistant can reduce the re-
sponding operation of inquiries. To this end, the solution has two
requirements for the solution, namely, (R1) real-time detection
(e.g., within several hundreds of millisecond), and (R2) accurate
detection of user’s problem (e.g., more than 80%).

Detecting user problem accurately in real-time is a non-trivial
and difficult problem. One simple method is rule-based approach
which extracts a transition of an operation supposed to be in prob-
lem. However, the coverage of rule-based user problem detection is
limited, and managing such rule set is costly with the increasing
number of rules because smartphone usage is diverse [31].

Another method is machine learning approach. A machine learn-
ing model, particularly deep learning, generally requires a signifi-
cant amount of annotated data. Moreover, the quality of the ground
truth data should be sufficiently high. However, manually labeling
1http://www.soumu.go.jp/main_content/000007902.pdf (Japanese Only)
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timestamp class name
2016-08-24 09:16:21 com.nttdocomo.android.dhome.HomeActivity
2016-08-24 09:16:27 com.google.android.finsky.activities.MainActivity
2016-08-24 09:16:32 com.google.android.finsky.activities.MultiInstallActivity
2016-08-24 09:16:45 com.google.android.finsky.activities.MultiInstallActivity

Table 1: Example of smartphone operation logs. Timestamp
indicates the time of the event occurred, and class name
(also referred to as “activity name” in Android community)
is an identifier of a screen of an app.

smartphone operation logs regarding user’s problem category is
difficult and time consuming because we need to understand the
situation of the user from only operation logs. Table 1 shows an
example of operation logs. In this example, the logs indicate that the
user started from the home screen (com.nttdocomo.android.dhom
e.HomeActivity), then tapped “Google Play2” (com.google.androi
d.finsky.activities.MainActivity), and finally downloaded
and installed some apps in Google Play (com.google.android.fin
sky.activities.MultiInstallActivity). Interpreting each log as
described previously when we assume that a user has a problem
and the problem category for smartphone usage logs is necessary
but difficult.

In this paper, we focus on the behavior of a user who has a prob-
lem to address the problem of high-quality ground truth labeling.
Figure 1 shows an example of an assumed user behavior. First, we
assume that if a user has a problem with how to use an app or set a
function, a user explores the functions and setting of the specific
app. Second, if the user cannot solve the problem, the user will
ask help from a customer support. Finally, the customer support
staff records who, when and what category is the user problem
regarding user’s inquiry. Thus, we can leverage the customer sup-
port log as high quality ground truth for smartphone app usage
log. Fortunately, we at NTT DOCOMO, which is one of the largest
mobile operator in Japan, possess the advantage because we have
a customer support center for our customers. Hence, we can col-
lect the previously mentioned data. We also collected the data on
smartphone usage logs with user’s consent. These data provide us
a unique opportunity to tackle the problem of building large-scale
high quality labeled data regarding user’s problem.

We design, implement and deploy a real-time on-device user
assistant application for smartphone usage using machine learning-
based user problem detection. Our application recommends a smart-
phone usage troubleshooting for a user based on the detected prob-
lem. Figure 2 shows screenshots of our troubleshooting recommen-
dation. If our application recognizes that a user has a problem, the
“Hint” icon will pop up (Figure 2 (a)). The application recommends
first a higher-level category such as e-mail and account setting
(Figure 2 (b)), and, then a more detailed procedure for a specific set-
ting (Figure 2 (c) and (d)). We formulate the user problem detection
problem as a classification problem based on user’s smartphone
usage logs. Specifically, we predict that a user will inquire or not
within T hours. If a user will inquire, we determine the category of
inquiry based on a user’s smartphone usage logs.

The contributions of this study are the following:
2Google and Google Play are trademarks of Google LLC.

Figure 2: Screenshots of our troubleshooting recommenda-
tion service. While a user is using the smartphone, (a) our
application automatically detects that the user has a prob-
lem, (b, c) and then also identifies what kind of a problem
the user has, (d) so that the user can solve the user’s prob-
lem.

• We formulated a user problem detection problem using smart-
phone usage history as a classification problem.
• We proposed a model to detect a user problem category
from smartphone usage logs. To establish a large-scale high
quality labeled data, we exploited the characteristics of call
center logs.
• We evaluated the proposed model based on smartphone
usage logs of more than 7 months as offline evaluation. The
results showed that our system accurately detects a user’s
problem category (89.7%) and rapidly provide an operation
troubleshooting (in 10.4ms).
• We deployed the proposed application in our commercial
service since January, 2019. We also conducted an online
evaluation in our production environment. The online eval-
uation result showed that our system improved the user
problem solving rate by approximately 30%.

The rest of this paper is organized as follows. The next section of-
fers a problem formulation that the user problem detection problem
as a classification problem. We describe our approach in Section 3.
We explain an evaluation to validate our approach in Section 4. In
Section 5, we summarize our lessons learned from this project. In
Section 6, we review related work on the analysis of smartphone
application usage and user state estimation from smartphone usage
history. Finally, we conclude this study and discuss future work.
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2 PROBLEM FORMULATION
In this section, first, we provide the preliminary definition and then
formulate the user problem detection problem.

2.1 Preliminary
Definition 1 (Smartphone Usage Log) Each smartphone usage
log l consists of a user u ∈ U , timestamp t , and class name (activity
name) a, which is the screen identifier of an app. That is, l = (u, t ,a).
Definition 2 (Smartphone Usage History) A user’s smartphone
usage history is a sequence of smartphone usage logs l sorted by
timestamp t within specific time duration (e.g., recentT hours). The
smartphone usage history of a user is defined as xi = {l1, l2, · · ·, ls }
where i is the number of history (sequence) and s is the number of
smartphone usage in a sequence.
Definition 3 (User Problem Category) User problem category is
defined as a two-level hierarchical category. The top level category
c1 consists of e-mail, Wi-Fi, account setting etc., whereas the lower
level category c2 is composed of Spam mail setting, Sending and
receiving mail, Attachments etc. for the e-mail category. The number
of top level categories is 20, whereas that of lower level categories
is 68 in our setting.
Definition 4 (Call Center Log) Each call center log y consists
of user u, timestamp t , and problem categories c1 and c2. That is,
yi = (u, t , c1, c2).

2.2 Problem Formulation
We now formulate our user problem detection problem as follows.
The user problem detection problem involves a two-stage problem.
Definition 5 (User ProblemDetectionProblem)Given the smart-
phone usage history xi , our first goal is to estimate the top level
category of the user problem c1 wherein the user will inquire within
T hours. Then, considering the smartphone usage history xi and
the user problem category c1, our second goal is to estimate the
lower level category c2.

A set of smartphone usage history and call center log can be
combined based on user u and timestamp t as keys, and, then we
can create a dataset D = {xi ,yi }Ni=1 = {xi , c1,i , c2,i }

N
i=1 for training

a machine learning model. In our problem setting, a user problem
category and a troubleshooting have one to one correspondence.
Thus, if we can detect a user problem category, we can recommend
a troubleshooting for the user.

3 APPROACH
Here, we introduce our approach for user problem detection based
on smartphone usage. Based on R1 and because our service is pro-
vided for Android smartphones, we selected TensorFlow Lite3 as the
framework for machine leaning. As of December, 2018, TensorFlow
Lite only supports a limited number of deep learning architectures4
such as multi-layer perceptron (MLP). Therefore, we considered
mainly the MLP model but considered long short-term memory
(LSTM) [11] model for performance reference.

3https://www.tensorflow.org/lite
4https://www.tensorflow.org/lite/tf_ops_compatibility

3.1 MLP Model
The first approach is the MLP model with bag-of-words features,
which is often used in natural language processing [19]. We treat
each class name a as word, and each sequence xi as document in
natural language processing. In the first stage estimation, where the
top level category c1 is estimated, the frequency of each class name
is used as bag-of-words features for classification. In the second
stage estimation, where the lower level category c2 is estimated, we
use the top level category selected by the user as input apart from
the frequency of each class name because first the user interface
of our application provides a candidate of the top level problem
category and then the user selects the top level category, as shown
in Figure 2. Thus we can use the selected category information in
the second stage estimation. We treat the user selected category as
one-hot encoded feature. Therefore, the input of the second stage
estimation is the frequency of each class name and one-hot encoded
user selected category.

Bag-of-words features are generated according to the following
procedure using xi . First, each class name involved in xi is filtered
by a predefined class name dictionary, and then filtered xi (denoted
by x ′i ) is the output. Here, a predefined class name dictionary is
created based on TF · IDF of class name, where TF (aj ,xi ) is the
class name frequency used in xi ; and IDF (aj ) is the inverse of the
number of sequences, which contain the class name aj . By using
all data D, we calculate TF · IDF for each class name, and use the
class names of top-k scored by TF · IDF is defined as class name
dictionary. Then, the frequency of each class name is calculated
based on x ′i . The purpose of filtering xi using the predefined class
name dictionary is to reduce real-time computational cost and
mobile app size on the smartphones because the computational
resources and storage capacity are limited on the smartphone.

A Rectified Linear Unit (ReLU) [10] is used as an activation
function for all layers except the final fully-connected layer, which
uses softmax function as an activation function. The weight of
the neural network is learned using Stochastic Gradient Descent
(SGD) [6] by setting cross-entropy as the loss function. To avoid
overfitting, dropout [26] is used in the fully-connected layer.

3.2 Sequential Feature Model
The second approach is the sequential feature model. One of the lim-
itations of the bag-of-words features is its lack of class name order.
To overcome this limitation, we use the LSTM to exploit sequential
information. Although the current version ofTensorFlow Lite does
not support the LSTM model (as mentioned in the beginning of this
section), we still investigate the performance of LSTM model for
reference.

3.2.1 Simple LSTMModel. Figure 3 shows our simple LSTMmodel
to detect a user problem. Each class name, which is filtered by
predefined class name dictionary similar to the bag-of-words model,
is fed to LSTM model in the first stage estimation. Similar to the
case of the bag-of-words features, the user selected category is
used in the second stage estimation and is employed as one-hot
encoded feature (Figure 4). Then, the hidden layer and one-hot
encoded feature are concatenated, and fed to fully-connected layer.
Finally, the softmax activation function is applied to classify the
user problem.
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Figure 3: LSTM model for the first stage estimation c1. The
smartphone usage log l is the input for each layer.
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Figure 4: LSTMmodel for the second stage estimation c2. We
leverage the user selected category as one-hot vector.
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Figure 5: CNN-LSTMmodel. The input is first convolved, and
fed to LSTM part. In the case of the second stage estimation,
the user selected category is also used as input similar to
LSTM model.

3.2.2 CNN-LSTMModel. In the past few years, deep convolutional
neural network (CNN) has demonstrated state-of-the-art results for
natural language processing tasks, such as text classification [14, 17]
and sentiment analysis [24]. In these studies, word embedding is
first applied, and then an embedding vector is used for the CNN.
Inspired by these studies, we combine the LSTM model with CNN
(CNN-LSTM) to achieve a remarkably accurate classification. Figure
5 shows our CNN-LSTM model architecture. First, the filtered class
name sequence x ′i is fed as input similar to the simple LSTM. Then,
each class name is converted into dense vector by embedding layer,
and convolutional filters are applied. Thereafter, the feature maps
are calculated and utilized as input to LSTM part. Here, the ReLU
is used as an activation function for CNN layer. Finally, the fully
connected layer with softmax activation function is employed to
classify the problem category. The weight of the neural network
is learned using Adam [15] by setting cross-entropy as the loss
function.

3.3 Ground-Truth Label Acquisition
We use our call center logs to acquire the ground-truth label for
each smartphone usage history. If users encounter a problem, sev-
eral portion of them often call the customer support center. Then,
the customer support staff records the user ID, time and problem
category based on user’s inquiry. By exploiting these data, we label
the smartphone usage log recorded T hours prior to the inquiry.
Among these data, we label the inquiry regarding a specific category
as positive sample, and other categories as negative sample.

3.4 System Overview
Figure 6 shows our system overview. Our system consists of offline
and online processing. For offline processing, first, smartphone
usage and customer support call logs are aggregated on the basis
of user ID u and timestamp t to construct a dataset of a supervised
machine learning model. Second, the trained model is downloaded
to each user’s smartphone. For online processing, the usage log of
smartphone is stored in each user’s smartphone, and the features for
machine learning are generated on basis of the smartphone usage
log as background process. Third, the troubleshooting recommen-
dation is automatically calculated using the features at a predefined
time interval. Finally, if the probability exceeds the threshold, a
troubleshooting is provided to a user.

4 EVALUATION
4.1 Offline Evaluation
To demonstrate the effectiveness of our application, we have con-
ducted extensive offline evaluations. We also evaluated our applica-
tion in the commercial service as online evaluation.

4.1.1 Dataset. We collected the smartphone usage and customer
support call logs with user’s consent from April to October, 2017.
The number of records was several millions. First, we integrated
the smartphone usage and customer support call logs based on
user ID and timestamp. Then, we divided the data into two groups,
that is, the data from April to September (dataset 1) and of October
(dataset 2). Dataset 1 is further divided into training and validation
data. The validation data are randomly sampled from 25% of dataset
1 and the remaining 75% is used as the training data. Meanwhile,
dataset 2 is used as hold-out test data. The total number of records
in dataset 1 and 2 is almost 50,000.

The number of top level categories is 20, whereas that of lower
level categories is 68. The top level categories include docomo mail5,
d ACCOUNT6, Wi-Fi, and Google account setting etc. Meanwhile,
the lower level category consists of Spam mail setting, Sending and
receiving mail, Attachments etc. for docomo mail category. More
comprehensive category list is shown in Appendix A (Table 8).

4.1.2 Evaluation Setting. The parameter k for a predefined class
name dictionary based on TF · IDF is set to 1,000. The number of
layers for MLP varies from 2 to 4. The number of neurons for each
MLP layer is set to (1,000, 500, 20) for two layers, (1,000, 500, 250,
20) for three layers and (1,000, 500, 250, 125, 20) for four layers
5This is ourmobile e-mail service. See https://www.nttdocomo.co.jp/english/iphone/ser
vice/mail/
6This is our user registration program. See https://www.nttdocomo.co.jp/english/suppor
t/procedure/change_release/user_info/
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Figure 6: System overview. Our system consists of two parts:
offline processing and online processing. In offline process-
ing, a machine learning model is trained using smartphone
usage and customer support call log. In online processing,
the automatic user problem detection is executed at a prede-
fined interval as background process. If the system detects
a user has a problem, the system provides a troubleshooting
for the user.

regarding the first stage estimation. Moreover, we evaluated the
bag-of-words features with normalization, set the time parameter
T = 1 hour. In the LSTM model, the hidden layer dimension is set
to 100. In the CNN-LSTM model, the number of filters is 32 and
kernel size is 3. In the case of the second stage estimation, the input
size is set to 1,020 and the output size is set to 68.

4.1.3 Baseline Method. XGBoost [8] is selected as the baseline
classifier because the classifier is extensively used in many classi-
fication problems [29, 34], although XGBoost is not supported in
TensorFlow Lite. The features for XGBoost are similar to that of
the MLP model described in Section 3.1.

4.1.4 Classification Performance. We used accuracy@n as the of-
fline evaluation metric. The metric is widely used in the existing
studies regarding recommendation [28, 30, 35]. The evaluation pro-
cedure is as follows:

(1) We calculate the probability of each category for all test data
using each model.

(2) We form a ranked list by sorting all of these categories ac-
cording to their probabilities, and top-n scored categories
are recommended.

(3) If the ground-truth category appears in the top-n recommen-
dation list, the test case is counted as correct.

Model Number of layers of MLP acc@3
XGBoost - 0.590
MLP(w/o dropout) 2 0.591
MLP(w/o dropout) 3 0.589
MLP(w/o dropout) 4 0.584
MLP(w/dropout) 2 0.598
MLP(w/dropout) 3 0.593
MLP(w/dropout) 4 0.585
LSTM - 0.605
CNN-LSTM - 0.609

Table 2: Classification performance results for the first stage
estimation c1. The best performance model is CNN-LSTM,
and the two-layer MLP with dropout is the best among MLP
models which can be implemented on Android.

Model Number of layers acc@3
XGBoost - 0.87
MLP 2 0.897
MLP 3 0.896
MLP 4 0.897
CNN-LSTM - 0.892

Table 3: Classification performance results for the second
stage estimation c2.We only evaluated theMLPmodels with-
out dropout because the performance ofMLPwith andwith-
out dropout is almost the same in the first stage estimation.

We define accuracy@n as the percentage of users who had a cate-
gory in their ground truth of the top-n recommended categories.
In our commercial application, the maximum number of recom-
mended categories is three, therefore we used accuracy@3 for our
evaluation.

In December 2018, TensorFlow Lite only supports a fully con-
nected layer in our proposed models. Therefore, the purpose of
the evaluation is to compare the performance of MLP with other
models. Table 2 and 3 list the accuracy@3 for the first and second
stage estimation, respectively. As presented in Table 2, the best per-
formance model is CNN-LSTM. In the MLP models which can be
implemented by TensorFlow Lite, the two-layer MLP with dropout
exhibits the best performance. Dropout is slightly effective for im-
proving the performance. In our case, a slight tendency may exist
where the more the number of layers of MLP is, the lesser its per-
formance will be. For the second stage estimation, all deep learning
models achieved almost the same performance which was better
than the XGBoost model (See Table 3). Because the performance
of MLP with and without dropout is almost the same in the first
stage estimation, we only evaluate the MLP without dropout in
the second stage estimation. Moreover, the MLP models achieve an
accuracy of more than 80% which is the requirement.

In addition, we evaluated the effect of time width T for classi-
fication performance and compared the cases of T = 1, 3, 6. Table
4 shows the results. A very slight tendency may exist where the
more the time width is, the more its performance will be for the
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T Number of layers acc@3 (first stage) acc@3 (second stage)

1
2 0.591 0.897
3 0.589 0.896
4 0.584 0.897

3
2 0.595 0.903
3 0.587 0.901
4 0.580 0.897

6
2 0.597 0.899
3 0.590 0.897
4 0.583 0.902

Table 4: Classification performance results with different T .
A very slight tendency may exist where the more the time
width is, the more its performance will be for the first stage
estimation.

Model Inference Time (ms)
CNN-LSTM 374.1
MLP 10.4

Table 5: Measurement results of inference time. The MLP
model is much faster than the CNN-LSTM model.

first stage estimation, whereas we cannot find a tendency for the
second stage estimation. From these results, we selected T = 1 for
production setting to reduce the computing resource usage.

4.1.5 Inference Performance on Smartphone. In real-world appli-
cation, the inference time must be relatively short because our
application needs instant troubleshooting display to customers
who have a problem and provides a troubleshooting before a user
calls a customer support. Thus, we evaluated the inference time on
the smartphone. In addition, if the resources usage of smartphone
such as battery consumption, CPU and memory usage is high, it
cannot be acceptable for commercial service if its inference time is
relatively short. Therefore, we investigated the resources usage as
inference performance on a smartphone.

We used Nexus 5X (Android 8.1.0) and MLP model implemented
using TensorFlow Lite 0.1.7. CNN-LSTM model has been also im-
plemented by using the TensorFlow Mobile7 1.8.0 for reference.
The smartphone usage log is stored in the database of Android.
Each inference was executed at an interval of 10 minutes, the total
number of execution was 18 and the number of MLP layers was 3.

Wemeasured the time for preprocessing (feature generation) and
the time for inference using a machine learning model, respectively.
The mean preprocessing time is 24 ms. Table 5 presents the mean
inference time for each model. Because the MLP model is more
simple than the LSTM model, the inference time of the MLP model
is shorter than the CNN-LSTMmodel. Moreover, the inference time
of the MLP model is 10.4 ms, thus, this model is acceptable in the
real-world application.

We evaluated the resources usage regarding battery consump-
tion, CPU and memory usage. Table 6 shows the measurement

7TensorFlow Mobile supports LSTM architecture. However, Google an-
nounced that TensorFlow Mobile will be deprecated in early 2019. See
https://www.tensorflow.org/lite/tfmobile/

Battery Consumption
(mAh/times)

CPU Usage
Rate (%)

Memory Usage
Rate (%)

0.02205 5.63 1.04
Table 6: Measurement results of resource usage. These re-
sults indicated that the resources usage is enough low.

rank class name
1 jp.buffalo.aoss.activity.AossStartActivity
2 com.android.settings.wifi.KlausAdvancedWifiSettings
3 com.android.captiveportallogin.CativePortalLoginActivity
4 com.android.settings.wifi.RakurakuWifiSettings.RakurakuWifiKlausW\Settings
5 com.android.settings.wifi.KausAdvancedWifiSettings3
6 com.lge.wifisettings.WifiSetttings
7 com.lge.wifisettings.activity.WifiSettingsActivity
8 com.android.settings.Settings$WifiSettingsActivity
9 com.lge.launcher3.LauncherExtension
10 com.android.settings.SubSettings$SaveAccessPointSubSettings

Table 7: Example of the TF · IDF ranking regarding the Wi-
Fi setting category. The ranking clearly reflects the problem
category.

results. The average battery consumption for each inference was
0.02205 mAh. The total battery of Nexus 5X is 2,700 mAh. If our
application can use 10% of the total battery, the total number of
execution is 2, 700 × 0.1/0.02205 = 12, 244.89. Thus, if the infer-
ence is executed every 10 seconds, we can use the smartphone
for 12, 244.89 × 10 = 122, 448.9seconds = 34.01hours . The average
CPU usage was 5.63% and average memory usage was 1.04%. Note
that we measured the performance when only our application was
executed. Thus, a difference from the same performance is possible
in real-world use. However, from these results, we confirmed that
the resources usage is low.

4.1.6 Qualitative Evaluation. Apart from the quantitative evalu-
ation of classification performance and inference time, we also
conducted a qualitative evaluation to verify the effectiveness of
applyingTF · IDF to the class name dataset. We calculatedTF · IDF
for the data annotated asWi-Fi category by call center logs as an
example. Table 7 shows the result of the TF · IDF ranking of the
Wi-Fi category data. In the ranking, many class names contain the
word wifi. The top-ranked class name is regarding AOSS which is
a Wi-Fi connectivity support system used in Japan8. In addition,
third-ranked class name is related to captive portal, which is used
for a web portal to log in the Wi-Fi service9. From these examples,
we can see that the TF · IDF can capture the characteristics of
smartphone usage category.

4.2 Online Evaluation
Our rule-based troubleshooting recommendation has been launched
since 201610, and installed by over a fewmillion users in Japan. After
that, machine learning-based troubleshooting recommendation,
which is proposed in this paper, has been released in January, 2019.
In the actual service, a feedback, Did this troubleshooting solve your
8https://en.wikipedia.org/wiki/AOSS
9https://en.wikipedia.org/wiki/Captive_portal
10https://www.nttdocomo.co.jp/service/osusume_hint/ (Japanese Only)
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Figure 7: Result of the online evaluation. PSR of ML-based
approach is higher than that of rule-based.

problem?, will be displayed after the troubleshooting is finished,
and then a user can select Yes or No. We use the ratio of Yes, referred
to as problem solving ratio (PSR), to measure the effectiveness of
the system in online evaluation. We compared machine learning
approach with rule-based approach as an online evaluation. In the
work of Althoff et al. [2], they exploited that a user uses a specific
function (e.g., use social network connection) or not to identify
the effect of the specific function using difference-in-difference
analysis [16]. Inspired by the work in [2], we use the difference-in-
difference analysis to verify the effect of the proposed system in
online evaluation.

Figure 7 shows the result of PSR for rule-based and machine
learning(ML)-based approach. Due to the sensitivity of the data, we
did not indicate the absolute PSR in Figure 7. From the data before
the ML-based application released (i.e., the data points of A, B, D
and E), we can confirm that the common trends assumption is met
because line AB and DE in Figure 7 are approximately parallel. Then,
we can calculate the effect of ML-based approach by (C−B)− (F−E).
The relative improvement of PSR is approximately 30% byML-based
approach.

5 LESSONS LEARNED AND DISCUSSION
In this section, we summarize our lessons learned from this project.
Heterogeneous Data Integration: Labeling the ground truth to
raw class name sequence is very difficult. To overcome this prob-
lem, we focused on the characteristics of customer support call
logs. Similar strategy is used in the work of Pan et al. [20]. From
our evaluation, our strategy is validated using a large amount of
smartphone usage and customer support logs. Thus, integrating
heterogeneous logs can be an effective method for labeling the raw
data that humans cannot interpret. Meanwhile, the performance
of the first stage estimation, which is approximately 60% with all
models, needs improvement. One possible solution is improving
the ground truth labeling. If a user has a problem but cannot imme-
diately call a customer support, our ground truth labeling strategy
will fail. For example, if a user, who is on the way to work, has a
problem with smartphone usage just before arriving at the office,
the user cannot immediately call a customer support but may call

during his or her break time. To solve this problem, it may be effec-
tive to utilize the user’s context (e.g. location, time of the day) for
ground truth labeling and inferenece.
Combination ofMachine Learning and User Interface: In our
preliminary experiment, we directly estimated the lower level cat-
egory c2 from the smartphone usage sequence xi . This approach
failed and the maximum performance (accuracy@3) was approxi-
mately 30% only. Therefore, we defined the user problem detection
problem as the two-stage classification problem defined in Section
2. From this result, we designed the user interface shown in Figure
2 and implemented a machine learning model that exploits the
user’s category selection information. One of the most important
lessons learned from this project is that the combination of machine
learning algorithm and user interface is an effective technique for
real-world applications because these machine learning algorithm
and user interface are strongly bound in the recommender system
[3]. In some cases, user interface relax the difficulties of machine
learning problem.

6 RELATEDWORK
In this section, we review related work on the analysis of smart-
phone application usage. Related work can be categorized into two
groups, namely, (1) next app prediction and app recommendation
from smartphone usage logs and (2) user state estimation from
smartphone usage logs.

6.1 Next App Prediction and App
Recommendation

The next app prediction refers to the task of predicting the subse-
quent app that will be used, whereas the app recommendations is
the task to recommend a user to install new apps. In the next app
prediction task, the app usage history (e.g., app usage sequence,
latest used app and category etc.) is the basic feature [4, 5, 25, 32],
and the installed app or impression [9] in the app market is used
as a fundamental feature for app recommendation. In both tasks,
various types of additional features are used (refer to survey [7]).
These features are (1) location features [4, 5, 36], (2) temporal fea-
tures [4, 5], and (3) smartphone status (battery level, accelerometer
and proximity sensor etc.) [25]. Böhmer et al. [5] proposed a mobile
app recommendation framework referred to as AppFunnel. They
investigated the effect of app popularity, time and location and
exploited the results for app recommendation. Shin et al. [25] col-
lected smartphone usage logs including app use, accelerometer,
environment-related sensors and GPS etc. from smartphones. They
model the context of mobile app use and exploit the results for app
usage prediction. Xu et al. [32] used a considerably abstract feature,
that is, user preference, to achieve high prediction accuracy.

6.2 User State Estimation from Smartphone
Usage Log

Another related work is user state estimation such as demographic
[18], user trait [23], mental health [22, 27, 33], and cognitive alert-
ness [1, 21]. For example, Pielot et al. [21] proposed a method of
detecting boredom from demographics and mobile phone usage.
They used self-reported boredom feelings as ground truth, and mo-
bile usage pattern, such as SMS usage and battery status, is used as
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features for machine learning model. In these studies, the smart-
phone app usage history is used as features for machine learning
model, and the target for each study varies.

To the best of our knowledge, our study differs from existing
works owing to the following reasons:
• The prediction target, user problem, and method of the
ground truth labeling in our work are unique.
• No existing study implemented an on-device inference for a
real-time prediction.

7 CONCLUSION
In this paper, we described the challenges encountered in the real-
time on-device smartphone operation troubleshooting recommen-
dation. First, we formulated a smartphone operation troubleshoot-
ing recommendation as the classification problem. Then, we pre-
sented the MLP model to be implemented on an Android smart-
phone and evaluated the performance of the proposed model, in
comparison with the extensively used machine learning model (i.e.,
XGBoost) and advanced deep learning model (i.e., CNN-LSTM). We
adopted the MLP model because the current version of the Ten-
sorFlow library only supports a limited number of deep learning
architectures including MLP. The offline evaluation results showed
that the MLP model meets the two requirements for commercial
application. Hence, we launched our application in our commer-
cial service since January, 2019. After the service released, we also
conducted an online evaluation in the commercial service. Online
evaluation result showed that machine learning based approach out-
performs the rule-based approach by approximately 30% regarding
PSR. To achieve a more accurate troubleshooting recommendation
in the future, we may adopt the CNN-LSTM model to predict the
user problem category if the LSTM layer is supported by Tensor-
Flow Lite.

According to the recent survey of on-device machine learning
inference [12] and official web page of TensorFlow Lite, the cur-
rent applications are mainly image recognition, natural language
processing such as Smart Reply [13], and audio recognition. We
believe that our project opens the door to novel application domain
for on-device machine learning.
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A CATEGORY LIST
Figure 8 shows comprehensive categories used in our evaluation.

Top Level Category Lower Level Category

docomo mail

Send / Receive message
Spam filter setting
Silent mode setting
Send / Receive attachments
Wi-Fi setting
Manage contacts
Create new message
Auto sorting
Delete message

Phone

Make / Receive call
Silent mode setting
Block phone numbers
Voice mail
Call History
Volume control

dmenu

Customer Support
My menu
Application and procedures
Usage history
Content payment services

SMS
Create / Send new message
Block numbers
Delete message

Contacts
Add contacts
docomo Cloud
Delete contancts

Wi-Fi Connect home Wi-Fi
docomo Wi-Fi

d ACCOUNT Issue/Confirmation
Change

Play store
App download
How to use
App uninstall

Camera
Take photo
Photo storage
Record video

Screen Lock Settings
Unlock

Character Input Keyboard setting
Google Account Account setting

Internet Data usage
Unable to connect

Browser Display
Bookmarks

Table 8: List of target categories. Due to business constraints,
several categories are not indicated in this table.
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